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Abstract

Human–machine collaboration is a development trend in the future of education. 
Generative artificial intelligence (GenAI), represented by ChatGPT, has redefined the 
interaction modes in human–machine collaborative learning. However, existing research 
is deficient in a systematic discussion on the interaction modes between learning groups 
and GenAI. Based on the analysis of dialogue texts from human–machine collaborative 
learning supported by GenAI, three common types of questions asked by students to 
GenAI are application, analysis, and examples. In student–machine interactions, three 
primary types of interactive behaviors emerge: exploratory questioning, optimization 
questioning, and information integration, each of which shows a clear pattern of cognitive 
engagement shift. In student–student interaction, three major interactive behaviors 
emerge: task comprehension, theme discussion, and non-task communication, with 
atypical cognitive engagement shift patterns. Based on the co-occurrence of question 
types and human–machine interaction behaviors, three interaction modes are observed 
when the learning group collaborates with GenAI to complete learning tasks: the 
dominant-analytical mode, the integrative-thinking mode, and the answer-oriented mode. 
The dominant-analytical mode focuses on in-depth exploration and critical thinking, 
the integrative-thinking mode highlights the key role of in-group communication for 
integrating diverse information and reflective thinking, and the answer-oriented mode 
centers around human–machine interactions based on the information provided by GenAI. 
To enhance the effectiveness of human–machine collaborative learning supported by 
GenAI, it is necessary to promote high-cognitive learning with an emphasis on thinking 
skills and innovative awareness, foster human–machine dialogic learning centered on 
questioning, and adjust instructional design according to the demands of learning tasks.

Keywords　human–machine collaboration; generative artificial intelligence (GenAI); 
cognitive process modeling; dialogic learning; interaction mode

1　Introduction
Generative artificial intelligence (GenAI) has emerged as a crucial force driving transformation 
in the educational sector. GenAI, represented by ChatGPT, has reconstructed the mode of 
human–machine collaboration, empowering learners to engage in collaborative innovation 
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through more intelligent interactions and knowledge sharing on a broader scale. It breaks 
the boundaries of human–machine collaboration confined to complementarity, as generative 
dialogue actualizes higher-level interaction and integration and forms a holistic human–
machine intelligence (Liu et al., 2024), generating collective intelligence through group 
thinking that transcends the individual (Dai et al., 2023a; Smith, 1994). Human–machine 
collaboration constitutes a fundamental characteristic of future education (Dai & Zhu, 
2023). However, existing research lacks a systematic discussion regarding how collaborative 
learning groups interact with GenAI.

2　Literature Review
Human–machine collaboration refers to the synergistic cooperation between humans 
and machines aimed at accomplishing tasks that are difficult for either party to complete 
independently (Wilson & Daugherty, 2018). Its development has proceeded through three 
stages. In the initial stage, machines predominantly undertook repetitive and standardized 
tasks, whereas the human role primarily involved supervision and control (Parasuraman et 
al., 2000). In the intermediate stage, the human–machine relationship progressively evolved 
into a partnership where machines, apart from executing standardized tasks, were capable of 
interacting with humans, making decisions, and solving problems collaboratively (Hollnagel 
& Woods, 2005). In the intelligent era, human–machine collaboration achieves a high degree 
of integration, with machines possessing autonomous learning and adaptive capabilities 
to learn and advance in tandem with humans (Wilson & Daugherty, 2018). The adaptive 
autonomous learning model guided by predefined pathways serves as a common paradigm 
for human–machine collaborative learning supported by intelligent technologies. Examples 
include utilizing intelligent tutoring systems to facilitate English writing instruction (Liu et 
al., 2022), employing adaptive learning systems to improve the mathematics performance of 
students with weak foundations (Pane et al., 2014), and applying intelligent virtual patient 
systems to enhance the clinical practice and decision-making capabilities of medical students 
(Kononowicz et al., 2019). All these practices employ learning systems with predefined 
pathways. Despite the flexibility of feedback, the machine’s roles remain constrained by 
predetermined frameworks.

The process of GenAI-supported human–machine collaborative learning exhibits greater 
dynamism compared to traditional human–machine collaborative learning with predefined 
pathways. It is capable of delivering instantaneous information and guidance and facilitating 
students’ knowledge internalization and in-depth reflection through continuous and 
meaningful interactions. As a result, it can enhance their higher-order thinking capabilities (Tan 
et al., 2023; Vasconcelos & Santos, 2023; G. Zhu et al., 2023). It extends learners’ cognitive 
boundaries via the distributed processing and sharing of knowledge (Fang et al., 2022; Guo 
& Hao, 2019), leveraging the process of interacting with the world through technology (Hao 
et al., 2022). The ChatGPT-based human–machine collaborative deep exploratory learning 
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model and the intelligent teaching assistant designed by Li and Wang (2023) significantly 
enhance students’ learning performance and critical thinking. A study integrated a ChatGPT 
intelligent learning companion into a curriculum-based undergraduate research experience 
teaching model, substantially elevating students’ research knowledge and enthusiasm (Wu 
et al., 2024). However, it suggests that the collaborative and complementary dynamics of 
human–machine collaboration warrant further enhancement. The aforementioned research 
findings substantiate the effectiveness of GenAI-supported human–machine collaborative 
learning, concurrently indicating that adaptive learning governed by predefined paths presents 
specific constraints.

The conversational functionality of GenAI furnishes a new paradigm for human–machine 
collaborative learning, facilitating unconstrained dialogue between learners and machines 
through natural language processing. The capacity to engage in dialogic learning constitutes 
the fundamental distinction between GenAI-supported and traditional human–machine 
collaborative learning paradigms. Learners’ questions drive human–machine integration and 
co-creation within human–machine collaborative dialogic learning. This novel collaborative 
paradigm augments the communal nature of GenAI-supported human–machine collaborative 
learning (He et al., 2023). GenAI transitions from an auxiliary role to a communal 
collaborative partner within this paradigm of collaborative learning. It has the ability to 
interact with learners regarding shared task objectives, generate pertinent content tailored to 
learners’ requirements during dialogues, and participate in discussions as a member of the 
collaborative learning group to furnish information and perspectives (Lo, 2023). However, 
the natural conversational capabilities of GenAI, typified by ChatGPT, are founded upon learning 
patterns from massive datasets rather than logical reasoning (Chen et al., 2023), and the quality 
of the informational feedback delivered correlates inextricably with learners’ questions. This 
transformation has reconfigured the allocation of roles and responsibilities between machines and 
learners inherent in traditional human–machine collaborative learning (Atchley et al., 2024).

Contemporary research regarding computer-supported collaborative learning is 
predominantly concentrated on interactions among learners, wherein computers function 
merely as auxiliary instruments within intelligent learning environments. In traditional 
dialogic learning, learning paths are devoid of predetermination. Learners are empowered 
to better examine themselves through the perspectives of others, thereby constructing 
meaning (Li & He, 2009). The effectiveness of human–machine collaborative dialogic 
learning is contingent upon learners’ initiative and intelligence (Baker, 2016). Therefore, 
learner dominance exhibits more pronounced advantages within the GenAI human–machine 
collaborative environment. Learners are enabled to engage in exploratory, critical, debate-
oriented, and conversational dialogues with GenAI, in addition to guidance-oriented dialogues 
seeking instruction and explanation (Dai et al., 2023b), thereby facilitating the cultivation 
of their capacities for active inquiry, critical thinking, and self-reflection. Existing research 
has insufficiently investigated the interaction modes between learners and GenAI within 
collaborative groups, despite researchers’ acknowledgment of GenAI’s potential to serve as a 
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collaborator in collaborative learning (Atchley et al., 2024). Comprehending group interaction 
modes in human–machine collaboration is of paramount importance for guiding the design of 
GenAI-supported human–machine collaborative learning. To this end, this study takes group 
interaction modes in human–machine collaborative learning as the primary research theme, 
specifically addressing the following two questions:

(1) How do learning groups pose questions when collaborating with GenAI to accomplish 
learning tasks?

(2) What interaction modes emerge when learning groups collaborate with GenAI to 
accomplish learning tasks?

3　Research Design
3.1　Data Sources
The course, Frontiers in Modern Educational Technology, is offered to master’s students 
at a university in East China, designed to facilitate students’ understanding of cutting-edge 
research fields in educational technology, and delivered through a combination of teacher 
lectures and group collaboration. 21 enrolled students are randomly divided into seven 
three-member groups by the teacher during the group collaboration session of the STEAM 
Education unit. These groups are tasked with discussing the issue of “how to balance the 
learning contents of science, technology, engineering, arts, and mathematics in the STEAM 
curriculum to maximally facilitate students’ comprehensive learning and the cultivation of 
innovative capabilities,” and subsequently submit course assignments after forming collective 
perspectives as groups. The discussion takes place in a WeChat group integrated with a chatbot 
(utilizing the ChatGPT-3.5 model). The teacher refrains from any intervention throughout 
the group discussion, aside from encouraging students to perceive the bot as a collaborative 
partner. The discussion lasts one hour, with the entire collaborative process captured via 
screen and audio recording software. This procedure generates two sets of research data:  
(1) interaction logs between the students and ChatGPT, encompassing 108 queries posed by 
the students, and (2) discourse data from the group collaboration, comprising 1,914 dialogue 
entries.

3.2　Data Processing
3.2.1　Classification of Question Types in Student–ChatGPT Interactions

Two senior professors are invited to analyze and discuss the student questions documented 
in the student–ChatGPT interaction logs. Subsequently, the queries are categorized into 
seven types based on intentionality: knowledge, analysis, application, comparison, creation, 
example, and original question (see Table 1). Two researchers independently code the data 
according to these types, yielding a Cohen’s Kappa value of 0.952, which demonstrates a high 
degree of classification consistency.
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Table 1　
Question Types in Student–ChatGPT Interactions

Question type Type definition Sample question

Knowledge Requesting fundamental knowledge 
and principles

What is a STEAM curriculum?

Analysis Requesting the logic and essence 
underlying phenomena

How does a STEAM curriculum facilitate the 
enhancement of students’ comprehensive 
abilities?

Application Requesting specific practices What actions are teachers advised 
to undertake to enhance students’ 
comprehensive abilities?

Comparison Requesting comparisons among 
various entities

Which element within the STEAM 
curriculum is of primary importance?

Creation Requesting creative responses 
concerning design and writing

Are you able to design a STEAM curriculum 
for fifth-grade elementary students?

Example Requesting specific examples Are you able to provide an exemplary case 
of a STEAM curriculum within China?

Original 
question

Requesting direct responses to 
the original questions under 
discussion, encompassing minor 
modifications or restatements of 
the questions

How are the elements of science, 
technology, engineering, art, and 
mathematics advised to be balanced 
within a STEAM curriculum to maximize 
the facilitation of students’ comprehensive 
learning and innovation?

3.2.2　Interactive Behaviors in Group Collaboration

This study employs grounded theory to categorize the student–machine and student–student 
interactive behaviors from the discourse data in order to obtain an in-depth understanding 
of interactive behaviors in group collaboration. Firstly, two researchers comprehensively 
review all dialogue transcripts to establish a preliminary impression of students’ behaviors 
when utilizing GenAI during collaboration. Subsequently, 1,914 dialogue transcripts are 
subjected to open, axial, and selective coding in sequence in accordance with the three stages 
of grounded theory.

A total of 21 open codes, encompassing original questioning, logical analysis of questions, 
and tentative questioning, are established and subsequently synthesized into 11 themes, 
including question exploration, function exploration, and refined questioning, based on 
the behavioral meanings reflected in the dialogue transcripts during the open coding stage. 
Themes with analogous meanings generated in the preceding stage are amalgamated, with 
significant emphasis placed on the six core behavioral concepts within the dialogues during 
the axial coding stage. Two broader categories of cognitive behaviors, namely student–
machine interactive behaviors and student–student interactive behaviors, are abstracted based 
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on the content derived from the preliminary two stages during the selective coding stage. 
The interactive behaviors of students within collaborative discussions involving GenAI are 
illustrated in Table 2. Two researchers independently coded identical dialogue texts based on 
interaction behaviors, yielding a Cohen’s Kappa value of 0.919, indicating a high degree of 
consistency in coding categorization.

Table 2　
Interactive Behaviors in Group Collaboration

Selective coding Axial coding Open coding

Two types of cognitive 
behaviors

Six interactive 
behaviors

Eleven themes Twenty-one open codes

Student–machine 
interactive behavior

Exploratory 
questioning

Question exploration Original questioning

Logical analysis of questions

Tentative questioning

Function exploration Function testing

Exploratory questioning

Question 
optimization

Refined questioning Question improvement

Purposeful 
questioning

Question presupposition

Question confirmation

Question iteration Cyclical questioning

Information 
synthesis

Bot feedback 
evaluation and 
prediction

Bot result analysis

Bot result evaluation

Bot function evaluation

Bot result prediction

Bot feedback 
integration and 
adjustment

Bot result reflection

Bot information summary

Bot response improvement

Student–student 
interactive behavior

Task 
comprehension

Task objective 
interpretation

Task analysis

Theme discussion Integrative 
communication

Preliminary communication

Viewpoint integration

Social interaction Discussion initiation

Non-task 
communication

Non-goal-oriented 
communication

Irrelevant communication
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3.2.3　Classification of Interaction and Cognitive Engagement Types

Tang and Hew (2022) classify cognitive engagement in mobile learning environments 
into four hierarchical levels from low to high: operation, wayfinding, sense-making, and 
innovation, based on the cognitive engagement framework within connectivist learning 
environments. Operation represents the lowest level of cognitive engagement, referring to 
fundamental exchanges such as information sharing. At the wayfinding level, learners acquire 
knowledge and deepen comprehension through communication to advance task progression. 
At the sense-making level, learners synthesize diverse information to formulate perspectives. 
Innovation represents the highest level of cognitive engagement, wherein learners propose 
novel ideas pertinent to the ongoing discussion (Wang et al., 2014). The core dimensions 
of this framework aim to delineate learners’ cognitive engagement in collaborative learning 
independently of any specific technological environment. Therefore, this serves as an 
analytical framework to characterize interaction modes within GenAI environments.

This study refines the aforementioned cognitive engagement framework by considering the 
distinctions between interactions among group members and human–machine (human and 
ChatGPT) interactions. Specifically, the cognitive engagement implicit in the collaborative 
discourse data is categorized into 13 distinct modes, which are subsequently classified into 
five interaction levels, as illustrated in Table 3.

Table 3　
Types of Interaction and Cognitive Engagement

Interaction 
level

Mode of cognitive 
engagement

Description Example

Operation Sharing 
information

Providing information 
or opinions

I maintain that students’ schedules 
require flexible arrangement 
during the learning process.

Questioning 
members

Posing questions to 
group members

Do you consider the question I 
posed to ChatGPT reasonable?

Questioning 
ChatGPT

Posing questions to 
ChatGPT

How does a STEAM curriculum 
facilitate the enhancement 
of students’ comprehensive 
abilities?

Wayfinding Commenting on 
members

Commenting on 
others’ perspectives 
without interpretation

I comprehend your question, and I 
perceive your reasoning as clear.

Commenting on 
ChatGPT

Commenting 
on ChatGPT’s 
responses without 
interpretation

The responses derived from 
requesting it (ChatGPT) to 
provide practical curriculum 
cases that balance various 
STEAM elements are superior to 
those for other questions.

(To be continued)
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Interaction 
level

Mode of cognitive 
engagement

Description Example

Wayfinding Seeking help from 
members

Requesting additional 
information from 
group members or 
inviting discussion

How do you interpret students’ 
integrated learning and 
innovation?

Seeking help from 
ChatGPT

Requesting additional 
information from 
ChatGPT

Prompt it (ChatGPT) to articulate 
which of the five disciplines in 
the STEAM curriculum is more 
appropriate to serve as the core 
discipline.

Interpretation Interpreting or 
substantiating one’s 
perspectives

I believe possessing sound 
STEAM design characteristics is 
sufficient, as a well-conceived 
STEAM educational design 
inherently balances the various 
elements. Exhibiting these 
characteristics indicates its 
capacity to effectively balance 
each element.

Summarization Summarizing 
knowledge without 
evaluation

The first is project design, and the 
second is theme exploration. 
Theme exploration entails 
selecting and defining a theme 
or question, which may be 
incorporated as a specific point 
in our answer.

Sense-making Analysis Analyzing and 
comparing the 
fundamental 
characteristics and 
causes

ChatGPT provides responses 
from these perspectives (the 
respective disciplines involved 
in STEAM), which appears to 
fragment the STEAM curriculum 
into isolated components, as 
though integrating the disciplines 
in a rigid manner.

Innovation Reflection Reflecting on prior 
experiences or 
learning outcomes

The instructional objectives are 
readily conceivable to us. The 
complexity of this theme might 
exceed our initial expectations.

(Continued)

(To be continued)
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Interaction 
level

Mode of cognitive 
engagement

Description Example

Innovation Creation Creating novel 
ideas by offering 
recommendations, 
broadening 
comprehension, 
and introducing 
new perspectives or 
resources

An approach is conceived based 
on the logic of ChatGPT, 
wherein teachers initially 
define a project encompassing 
developmental elements 
from multiple disciplines, 
subsequently allowing students 
to investigate these elements 
and utilize them for technical 
practice. A balance among the 
diverse elements of the STEAM 
curriculum can be attainable, 
provided that each group selects 
distinct components.

Other Other Irrelevant discussions 
not falling into any of 
the aforementioned 
categories

Your input method appears quite 
intelligent. Which one is it? Is it 
Sogou or NetEase?

Two researchers are recruited to independently classify the cognitive engagement modes 
based on a 15% sample of the discourse data. The Cohen’s Kappa value reaches 0.917, 
indicating a high degree of classification consistency, with any discrepancies resolved through 
discussion and negotiation. The classification of the remaining 85% of the discourse data is 
completed by the two researchers through a division of labor.

3.3　Research Methods
This study models the cognitive processes during collaboration utilizing Epistemic Network 
Analysis (ENA) and Lag Sequential Analysis (LSA), based on the aforementioned data 
processing results. ENA delineates the cognitive frameworks of individuals or groups 
by quantifying discourse data, utilizing a sliding window mechanism to compute the co-
occurrence of cognitive elements, and mapping these relationships onto a two-dimensional 
coordinate system (Shaffer, 2004). This study employs the ENA web tool to conduct epistemic 
network modeling on the question-type data for each group, compare inter-group differences, 
and identify co-occurring question types (Shaffer et al., 2016). Furthermore, epistemic 
network modeling is used to compare variations in human–computer interactive behaviors 
across different co-occurring question types. In addition, LSA is predominantly applied to 
investigate the lag relationships among two or more events within a sequence, specifically 
examining the significance of a designated lag sequence via statistical approaches (Yang et 

(Continued)
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al., 2016). This study employs LSA to model cognitive engagement within student–machine 
and student–student cognitive behaviors derived from grounded theory, thereby identifying 
typical cognitive transition patterns across different types of interactions.

4　Results
4.1　Analysis of Questioning Modes in Learning Groups
Table 4 presents the distribution of question types posed by each group during human–
machine collaboration. Among these, application, analysis, and example emerge as the 
most frequently observed question types. An overall cognitive network analysis diagram 
is constructed based on the types of interactive questions each group posed to ChatGPT 
to further investigate the disparities in questioning patterns among the groups (see  
Figure 1). 

Table 4　
Quantity and Proportion of Each Question Type

Question type Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7 Total

Comparison 0 
(0.00%)

4 
(20.00%)

1 
(5.56%)

0 
(0.00%)

0 
(0.00%)

0 
(0.00%)

0 
(0.00%)

5 
(4.63%)

Creation 1 
(6.67%)

0 
(0.00%)

0
 (0.00%)

2 
(22.22%)

3 
(13.04%)

0 
(0.00%)

2 
(18.18%)

8 
(7.41%)

Analysis 4 
(26.67%)

4 
(20.00%)

5 
(27.78%)

4 
(44.44%)

5 
(21.74%)

4 
(33.34%)

2 
(18.18%)

28 
(25.93%)

Example 2 
(13.33%)

1 
(5.00%)

1 
(5.56%)

1 
(11.11%)

9 
(39.13%)

1 
(8.33%)

2 
(18.18%)

17 
(15.74%)

Application 7 
(46.67%)

6 
(30.00%)

9 
(50.00%)

0 
(0.00%)

1 
(4.35%)

6 
(50.00%)

1
 (9.09%)

30 
(27.78%)

Original 
question

1 
(6.67%)

2 
(10.00%)

2 
(11.11%)

2 
(22.22%)

3 
(13.04%)

1 
(8.33%)

3 
(27.27%)

14 
(12.96%)

Knowledge 0 
(0.00%)

3 
(15.00%)

0 
(0.00%)

0
 (0.00%)

2 
(8.70%)

0 
(0.00%)

1
 (9.09%)

6 
(5.56%)

Total 15 20 18 9 23 12 11 108

A closer distance between the centroids of two groups and a greater degree of overlap in 
their confidence intervals indicate a higher overall similarity in the types of questions posed 
by the two groups. All groups can be classified into three categories based on the distances 
between their centroids and the degree of overlap in their confidence intervals. The confidence 
intervals of Groups 1, 3, 5, and 6 exhibit substantial overlap, indicating no significant 
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Figure 1　

Cognitive Network of Question Types across Groups

2

5

6

3

1
7

4

Note. The numbers within the dashed boxes denote the group identifiers, the dashed boxes represent their 
respective confidence intervals, and the solid squares at the centers of the dashed boxes indicate the group 
centroids. The horizontal and vertical axes of the cognitive network denote the singular values obtained 
following the dimensionality reduction of the raw data to illustrate the distribution characteristics of the 
cognitive network. The horizontal axis represents the first dimension, and the vertical axis indicates the second 
dimension, both serving as visualization aids.

differences in the types of questions posed. Therefore, they are classified as the first category. 
Group 2 is classified as the second category, as its confidence interval demonstrates no 
overlap with those of the other groups. Groups 4 and 7 are categorized as the third category, 
as their confidence intervals overlap considerably with each other while having minimal 
overlap with those of the remaining groups, suggesting similarities in certain characteristics 
of their question types.

The original data structure employs the group ID as the primary identifier during the 
construction of cognitive network diagrams, with each row documenting a question 
formulated by the respective group along with its category. Figure 2 illustrates the cognitive 
networks for the three categories of groups, where nodes represent question types, connecting 
lines indicate the co-occurrence of these types, and increased line thickness signifies a 
greater quantity of co-occurring question types. Specifically, the first category features 
application–analysis–example as the primary co-occurring question type and is designated as 
the dominant-analytical type. The second category utilizes application–comparison–original 
question as the principal co-occurrence and is termed the integrative-thinking type. The 
third category primarily exhibits original question–creation–example and is classified as the 
answer-oriented type. 
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Figure 2　 

Comparison of Cognitive Networks among Three Categories of Groups
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Application Application

Example

Creation

(a) Dominant-analytical

Comparison

Analysis
Original
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Example

Application
Analysis

Comparison

Example

Creation
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question

(c) Answer-oriented(b) Integrated-thinking

Knowledge Knowledge

Comparison

Creation

4.2　Analysis of Human–Machine Interaction Characteristics within Learning Groups
Table 5 presents the distribution of interactive behaviors across the respective groups. The 
occurrence frequency of student–machine interactions (exploratory questioning, question 
optimization, and information synthesis) consistently surpasses that of student–student 
interactions (task comprehension, theme discussion, and non-task communication).

Table 5　 
Number and Percentage of Interactive Behaviors in Each Group

Interactive behavior Group 
1

Group 
2

Group 
3

Group 
4

Group 
5

Group 
6

Group 
7

Total

Student–
machine 
interactive 
behavior

Exploratory 
questioning

18
(9.73%)

35
(18.23%)

37
(14.80%)

32
(10.13%)

34
(17.09%)

56
(15.30%)

20
(6.15%)

232
(12.66%)

Question 
optimization

79
(42.70%)

0
(0.00%)

16
(6.40%)

114
(36.08%)

105
(52.76%)

57
(15.57%)

109
(33.54%)

480
(26.19%)

Information 
synthesis

59
(31.89%)

82
(42.71%)

159
(63.60%)

108
(34.18%)

0
(0.00%)

215
(58.74%)

144
(44.31%)

767
(41.84%)

Student–
student 
interactive 
behavior

Task compre- 
hension

6
(3.24%)

0
(0.00%)

3
(1.20%)

0
(0.00%)

0
(0.00%)

12
(3.28%)

1
(0.31%)

22
(1.20%)

Theme 
discussion

19
(10.27%)

33
(17.19%)

22
(8.80%)

22
(6.96%)

9
(4.52%)

9
(2.46%)

42
(12.92%)

156
(8.51%)

Non-task com- 
munication

4
(2.16%)

42
(21.88%)

13
(5.20%)

40
(12.66%)

51
(25.63%)

17
(4.64%)

9
(2.77%)

176
(9.60%)

Total 185 192 250 316 199 366 325 1,833

This study focuses on six interactive behaviors, namely, exploratory questioning, 
question optimization, information synthesis, task comprehension, theme discussion, and 
non-task communication, to conduct an in-depth analysis of human–machine interaction 
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characteristics. Students’ cognitive engagement modes within each interactive behavior from 
the discourse data are chronologically arranged, and LSA is performed using the Generalized 
Sequential Querier to interpret the transition patterns of cognitive engagement modes across 
different interactive behaviors. Table 6 presents the p-values of the sequence residuals in the 
LSA results. The results demonstrate that the sequence residuals of cognitive engagement for 
the three types of student–machine interactive behaviors (exploratory questioning, question 
optimization, and information synthesis) are all significant (p < 0.05). This finding reveals a 
statistically significant transition frequency between these cognitive engagements, confirming 
the existence of significant transition patterns in cognitive engagement modes. In contrast, 
the transition frequency of cognitive engagement across the three types of student–student 
interactive behaviors (task comprehension, theme discussion, and non-task communication) is 
not statistically significant (p > 0.05), signifying the absence of significant transition patterns 
in cognitive engagement modes.

Table 6　 
P-Values of Sequence Residuals for Cognitive Engagements

Behavior P-value

Exploratory questioning 0.00*

Question optimization 0.00*

Information synthesis 0.00*

Task comprehension 1.00

Theme discussion 0.48

Non-task communication 1.00

* p < 0.01.

This study regenerates adjusted sequence residuals for the three types of student–machine 
interactive behaviors exhibiting significant transition patterns in cognitive engagement modes 
(adopting a significance level of p < 0.05, i.e., Z-score > 1.96) and subsequently plots the 
cognitive engagement sequence transition diagrams for exploratory questioning, question 
optimization, and information synthesis. The nodes in the figure denote cognitive engagement 
modes, the arrows indicate the direction of cognitive transitions, and the values represent the 
adjusted residual values (Z-scores).

4.2.1　Exploratory Questioning

Learners’ cognitive engagement in exploratory questioning commences with analysis, 
progressively shifts toward more creative cognitive engagement modes, including reflection 
and creation, and concludes with summarization and questioning ChatGPT (see Figure 
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3). Creation functions as a pivotal node, which facilitates the summarization of existing 
information (creation→summarization) and stimulates the generation of novel questions, 
thereby propelling the entire exploratory process forward (creation→commenting on 
members→seeking help from ChatGPT→questioning ChatGPT). Exploratory questioning 
is shown to stem from a coherent sequence of cognitive activities rather than learners’ 
unstructured questions. This is because learners engage in creative thinking based on previous 
discussions prior to questioning ChatGPT, and the group collectively issues a unified request 
to ChatGPT following review and validation by other members. This process effectively 
illustrates the purpose of interactive behavior, namely, formulating meaningful questions and 
posing them to ChatGPT.

Figure 3　 

Sequence Transition of Cognitive Engagement in Exploratory Questioning
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4.2.2　Question Optimization

The sequence transition of cognitive engagement in question optimization is presented in 
Figure 4. The cyclical cognitive engagement pattern presented within the box (questioning 
ChatGPT→creation→summarization→questioning ChatGPT) reflects the characteristic of 
optimization, which involves further creation and summarization after the initial questioning, 
followed by continued questioning. This implies that posing questions to ChatGPT might 
prompt learners to discover new cognitive pathways for problem resolution. This could 
entail the summarization and integration of existing information or the generation of new 
ideas. The ultimate goal of question optimization is invariably directed toward the evaluation 
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of ChatGPT’s responses (commenting on ChatGPT) following a series of cognitive 
engagements. The learning groups evaluate ChatGPT’s responses through diverse cognitive 
engagements and determine whether to further optimize and iterate on the questions until 
satisfactory answers are obtained.

Figure 4
Sequence Transition of Cognitive Engagement in Question Optimization
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4.2.3　Information Synthesis

The sequence transition of cognitive engagement for information synthesis is presented 
in Figure 5, showing more frequent transitions among cognitive engagements. A series of 
cognitive engagements, such as comments and requests, signify the information exchange 
among group members as well as between the members and ChatGPT. Questioning 
behaviors demonstrate continuity subsequent to a series of cognitive engagements 
(questioning ChatGPT→questioning ChatGPT). Consecutive reflection, summarization, 
and analysis denote the in-depth communication and cognitive processes of the group 
members. Additionally, the learning group manifests continuous viewpoint articulation 
behaviors (interpretation→interpretation, Z-score = 4.8). Such behaviors encompass two 
primary scenarios, as revealed by further analysis of the relevant discourse data. Firstly, 
an internal consensus is reached within the group, with members summarizing viewpoints 
and information. Secondly, internal divergences emerge, prompting members to debate and 
consecutively elucidate distinct perspectives. Such interactions entail the frequent exchange 
and transmission of information, facilitating the group in formulating ultimate perspectives.
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Figure 5
Sequence Transition of Cognitive Engagement in Information Synthesis
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4.3　Three Modes of Human–Machine Interaction
The cognitive network diagrams of interactive behaviors across the three categories of groups 
are presented in Figure 6a–c. Specifically, dominant-analytical groups demonstrate robust 
connectivity among exploratory questioning, theme discussion, and information synthesis. 
Integrative-thinking groups display pronounced connectivity among theme discussion, 
information synthesis, and exploratory questioning. Answer-oriented groups exhibit 
substantial connections among question optimization, theme discussion, and information 
synthesis. Non-task communication across all three categories of groups exhibits strong 
connectivity with other interactive behaviors.
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Figure 6　 
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The pairwise overlay plots of the three categories of groups (see Figure 6d–f) illustrate 
differences in interactive behaviors across distinct categories: The predominant interactive 
behavior is exploratory questioning for dominant-analytical groups, information synthesis for 
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integrative-thinking groups, and question optimization for answer-oriented groups. Theme 
discussion, serving as the principal student–student interactive behavior, demonstrates robust 
connectivity with the three student–machine interactive behaviors across all three categories 
of groups.

Three interaction modes are manifested when learning groups collaborate with GenAI to 
accomplish learning tasks, based on the co-occurrence relationships of question types and 
human–machine interactive behaviors.

4.3.1　Dominant-Analytical Interaction Mode

The learning group demonstrates strong dominance within the dominant-analytical 
interaction mode. The strongest co-occurrence relationships are identified among three 
categories of questions—application, analysis, and example questions—when the group 
poses questions to ChatGPT, with exploratory questioning serving as the core behavior of 
learners in this mode. The group utilizes GenAI as a supplementary tool to facilitate the 
in-depth exploration and analysis of information during the human–machine collaboration 
process. Members of the learning group frequently possess a well-defined direction for 
discussion when posing questions, exhibiting a stronger inclination to request GenAI to 
interpret the logic behind specific phenomena, suggest practical approaches, and supply 
concrete examples. Members of the learning group submit meaningful requests to GenAI 
following creative thinking and collaborative deliberation. Furthermore, members exchange 
perspectives regarding the generated responses, formulating staged discussion outcomes 
subsequent to evaluation.

The dominant-analytical interaction mode constitutes a higher-consciousness generative 
learning model (G. Zhu et al., 2023). High-level cognitive engagement constitutes the core of 
effective learning within human–machine collaborative learning (Chi, 2009). The dominant-
analytical interaction mode harnesses the potential of GenAI to facilitate the development of 
students’ higher-order thinking and deep learning, utilizing high-level cognitive engagement, 
such as analysis and creation, as pivotal nodes within human–machine interactions (Holmes 
et al., 2019).

4.3.2　Integrated-Thinking Interaction Mode

Communication among learning group members plays a pivotal role in human–machine 
collaboration within the integrated-thinking interaction mode. Application, comparison, 
and original questions constitute the three categories of questions exhibiting the strongest 
co-occurrence relationships when learning group members pose questions. Additionally, 
information synthesis serves as a crucial behavior during human–machine interactions. 
Learning group members maintain control over the overall direction of the discussion, 
despite repeatedly consulting artificial intelligence (AI) regarding the original questions. 
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Cognitive engagement activities, including reflection, analysis, and summarization, serve 
as crucial nodes embodying active communication and information sharing among learning 
group members, thereby propelling the cognitive extension of the group. Learning groups in 
the integrative-thinking interaction mode are capable of integrating the diverse information 
provided by GenAI through active inter-group communication. Information integration and 
reflective thinking serve as crucial elements for facilitating deep learning in collaborative 
environments, thereby propelling more profound knowledge construction and the cultivation 
of critical thinking (Holmes et al., 2019; Webb, 2009).

4.3.3　Answer-Oriented Interaction Mode

Learning groups exhibit a heightened inclination to engage in human–machine interactions 
revolving around the information provided by GenAI within the answer-oriented interaction 
mode. The most prominent co-occurrence relationships in queries are identified among 
three categories: original question, creation, and example. These groups anticipate that 
GenAI will generate creative perspectives, formulate design proposals, and supply specific 
examples based on the original discussion questions. The responses generated by GenAI 
serve to inspire group members, stimulate novel perspectives, and steer the direction of 
the discussion. Question optimization constitutes a pivotal interactive behavior within 
the answer-oriented interaction mode, with its cognitive engagement characterized by the 
continuous in-depth exploration and refinement of queries to acquire more precise and 
comprehensive responses.

Learning groups exhibit lower dominance in the answer-oriented interaction mode. Their 
primary focus during human–machine interactions involves querying ChatGPT with original 
questions and their variants, subsequently posing further questions upon deliberating the 
machine-generated responses. This indicates a stronger inclination toward posing superficial 
questions, with their collaborative interactions with GenAI predominantly centered on 
information retrieval and organization (Kalyuga, 2008). Although learning groups incorporate 
innovation through information recombination when optimizing queries, this entire procedure 
is not significantly correlated with cognitive engagements such as analysis and reflection, 
thereby lacking deeper cognitive processing. The answer-oriented interaction mode partially 
embodies the concept of generative learning, which constructs knowledge through creating 
and summarizing the information generated by ChatGPT (Osborne & Wittrock, 1983). 
However, it lacks higher-level analysis and comprehension.

5　Suggestions
The authors propose recommendations to enhance the effectiveness of GenAI-supported 
human–machine collaborative learning based on the research findings.
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5.1　Facilitating High-Cognitive Human–Machine Collaboration Centered on Thinking 
Skills and Innovation Awareness

In this study, the three interaction modes spontaneously formed by learning groups embody 
the concept of generative learning when accomplishing learning tasks through human–
machine collaboration, whereby learning groups utilize GenAI to acquire information, filter 
it, and subsequently construct new knowledge via higher-order thinking skills (Z. T. Zhu 
et al., 2023). This learning approach, grounded in distributed cognition within a human–
machine collaborative environment (Kaptelinin, 1996), demonstrates that students are 
capable of overcoming widely recognized issues associated with GenAI applications, such 
as overreliance on AI technology and passive thinking during the learning process (Wu et al., 
2023; Zhang et al., 2023). However, the dominance of learning groups varies across these 
three interaction modes. Learning groups exhibiting greater dominance are more capable of 
attaining a high cognitive learning state during human–machine collaboration. Thinking skills 
and innovative awareness serve as pivotal factors in determining student dominance, thereby 
impacting the ways they interact with ChatGPT.

Therefore, it is recommended to emphasize the cultivation of students’ self-regulation 
capabilities and higher-order thinking skills to prevent them from becoming passive learners 
when designing GenAI-supported human–machine collaborative learning activities. First, 
instructional design is recommended to incorporate learning activities encompassing 
cognitive learning objectives to stimulate students’ critical thinking and profound 
engagement. This facilitates students’ reflection, analysis, and summarization during human–
machine interactions, thereby demonstrating higher-order cognitive engagement (Anderson 
& Krathwohl, 2001). Second, teachers are able to facilitate students’ deep learning in GenAI–
human collaboration by providing explicit guidance and structured support, such as task 
decomposition, problem-solving frameworks, and immediate feedback (Kay & Lauricella, 
2011). Additionally, teachers are advised to establish an environment conducive to interaction, 
communication, and collaboration among students, leveraging collective intelligence to 
advance high-cognitive human–machine collaboration (Webb, 2009).

5.2　Facilitating Human–Machine Collaborative Dialogic Learning through a Question-
Centered Approach

The findings of this study indicate that questioning constitutes a pivotal behavior in GenAI-
supported human–machine collaborative learning, being closely intertwined with other 
cognitive engagement behaviors. The questions posed by the learning groups to ChatGPT 
are founded upon the intellectual synergy within the groups, serving as a manifestation 
of cognitive skills and innovative awareness during group communication. Students’ 
questioning capabilities originate not only from questioning techniques; they also serve as a 
comprehensive manifestation of thinking and innovative abilities. This requires a dimensional 
upgrade in thinking during collaborative learning with GenAI (Gu et al., 2023).
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Therefore, the cultivation of students’ questioning capabilities primarily focuses on 
two aspects. The first is the enhancement of specific questioning techniques. Effective 
questioning techniques facilitate students in obtaining high-quality responses from GenAI. 
For instance, pre-designed educational prompt templates assist students in establishing a 
cognitive framework for posing questions to AI, thereby promoting the occurrence of higher 
consciousness learning (Zhao et al., 2024). The second is the improvement of thinking 
skills and innovative capabilities. The capability to pose questions to GenAI constitutes 
a comprehensive competence, and the foundation for enhancing this capability lies in the 
cultivation of students’ higher-order thinking skills.

5.3　Optimizing the Design of Routine Learning Tasks
In this study, the human–machine collaborative completion of learning tasks by learning 
groups, devoid of teacher intervention and predetermined learning paths, represents, 
to a certain extent, the routine usage scenarios of GenAI by learners within university 
environments. The survey results of Li et al. (2024) reveal that 70% of university students at 
Zhejiang University utilize GenAI, with research activities and academic coursework serving 
as the most frequent application scenarios. This study suggests that learners possess the 
capacity to exercise agency when completing course assignments utilizing GenAI, yet this 
remains contingent upon the design of learning tasks. GenAI facilitates the rapid provision of 
relevant information and novel perspectives for students. Additionally, it is capable of directly 
delivering answers to problems with pre-existing analogous solutions. This poses novel 
challenges for university faculty, necessitating a reconsideration of the focal point of learning 
task design as well as the roles of teachers and learners (Wang et al., 2023).

Teachers are advised to consider the scenario where students accomplish learning tasks 
with the assistance of GenAI tools such as ChatGPT during routine instruction. Therefore, the 
core objectives of learning tasks are not supposed to be confined to mechanical knowledge 
acquisition but rather prioritize the cultivation of students’ thinking and innovative 
capabilities. Additionally, teachers are recommended to prioritize the cultivation of students’ 
metacognitive abilities in routine teaching practices. This empowers students to become 
conscious of their learning processes, reflect on the information provided by GenAI, and 
modify their learning trajectories when necessary, ultimately facilitating the development of 
independent thinking and lifelong learning capacities (Schraw & Moshman, 1995).

6　Conclusions
This study analyzes the human–machine collaborative interaction modes of learning groups 
supported by GenAI based on cognitive process modeling results, offering theoretical 
support for enhancing the effectiveness of GenAI-supported human–machine collaborative 
learning. However, the findings warrant further verification and refinement. Firstly, this 
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study is constrained by a limited sample size and a relatively narrow scope of experimental 
courses. Future research is suggested to enlarge the sample size and implement experiments 
across more diverse courses to ensure the generalizability and applicability of the human–
machine collaborative group interaction modes. Secondly, this study adopts the ChatGPT-3.5 
model. The emergence of new model versions and other large language models might 
impact the interaction modes of human–machine collaborative groups, considering the rapid 
advancement of GenAI technology. Therefore, the interaction modes identified in this study 
might require adjustment and expansion based on the characteristics of diverse models. 
This study establishes a preliminary theoretical foundation for group interaction modes in 
human–machine collaborative learning. Future research is recommended to conduct in-depth 
validations across a broader spectrum of GenAI models and diverse learning contexts to 
develop relevant theoretical frameworks.

Acknowledgments　This study was funded by the 2021 general program of Education of the National Social 
Science Fund of China in the 14th Five-Year Plan, “Research on the Design of Technology-Enabled Integrated 
and Innovative Learning for Engineering Students in Higher Education” (No. BCA210084).

References

Anderson, L. W., & Krathwohl, D. R. (2001). A taxonomy for learning, teaching, and assessing: A revision of 

Bloom’s taxonomy of educational objectives: Complete edition. Addison Wesley Longman.
Atchley, P., Pannell, H., Wofford, K., Hopkins, M., & Atchley, R. A. (2024). Human and AI collaboration in 

the higher education environment: Opportunities and concerns. Cognitive Research: Principles and 

Implications, 9(20), 1–11.
Baker, R. S. (2016). Stupid tutoring systems, intelligent humans. International Journal of Artificial Intelligence 

in Education, 26(2), 600–614.
Chen, J. Y., Hu, L. Y., & Wu, F. (2023). ChatGPT/生成式人工智能促进以知识点为核心的教学模式变革研究 

[Investigation into the transformation of knowledge-centered pedagogy with ChatGPT/generative AI]. 华东

师范大学学报(教育科学版) [Journal of East China Normal University (Educational Sciences)], (7), 177–186.
Chi, M. T. H. (2009). Active-constructive-interactive: A conceptual framework for differentiating learning 

activities. Topics in Cognitive Science, 1(1), 73–105.
Dai, L., Hu, J., & Zhu, Z. T. (2023a). ChatGPT赋能教育数字化转型的新方略 [New strategies for digital 

transformation of education under the empowerment of ChatGPT]. 开放教育研究  [Open Education 
Research], (4), 41–48.

Dai, L., Zhao, X. W., & Zhu, Z. T. (2023b). 智慧问学: 基于ChatGPT的对话式学习新模式 [A new inquiry learning: 
Conversational learning with ChatGPT]. 开放教育研究  [Open Education Research], (6), 42–51, 111.

Dai, L., & Zhu, Z. T. (2023). 教育数字化转型的逻辑起点、目标指向和行动路径 [The logical starting point, 
objectives, and action pathways of digital transformation in education]. 中国教育学刊  [Journal of the 
Chinese Society of Education], (7), 14–20.

Fang, H. G., Kong, X. M., Li, H. Y., & Zheng, Z. H. (2022). 人工智能时代的人机协同教育理论研究 [Research on 
human–machine collaborative education theory in the age of artificial intelligence]. 现代教育技术  [Modern 
Educational Technology], (7), 5–13.

Gu, X. Q., Hu, Y. L., & Hao, X. J. (2023). AGI临近了吗: ChatGPT热潮之下再看人工智能与未来教育发展 [Is AGI 
approaching: Rethinking the development of AI and future education in the context of the ChatGPT craze]. 
华东师范大学学报(教育科学版) [Journal of East China Normal University (Educational Sciences)], (7), 117–

130.



197The Analysis of Interaction Modes in Human–Machine Collaborative Learning Supported by Generative Artificial Intelligence

Guo, J., & Hao, J. J. (2019). 人工智能环境下的学习发生机制 [Learning mechanism under artificial intelligence 
environment]. 现代远程教育研究  [Modern Distance Education Research], (5), 32–38.

Hao, X. J., Gu, X. Q., Zhang, T. Q., & Wang, X. L. (2022). 人机协同学习: 实践模式与发展路向 [Human–

machine cooperation learning: Practice mode and development direction]. 开放教育研究  [Open Education 
Research], (4), 31–41.

He, W. T., Lu, L., Zhou, Y. L., & Zhou, R. (2023). 智能时代人机协同学习的本质特征与一般过程 [The essential 
characteristics and general process of human–machine collaborative learning in the age of artificial 
intelligence]. 中国远程教育  [Chinese Journal of Distance Education], (3), 12–20.

Hollnagel, E., & Woods, D. D. (2005). Joint cognitive systems: Foundations of cognitive systems engineering. 
CRC Press.

Holmes, W., Bialik, M., & Fadel, C. (2019). Artificial intelligence in education promises and implications for 

teaching and learning. Center for Curriculum Redesign. 
Kalyuga, S. (2008). Managing cognitive load in adaptive multimedia learning. IGI Global. 
Kaptelinin, V. (1996). Distribution of cognition between minds and artifacts: Augmentation of mediation? AI & 

Society, (10), 15–25.
Kay, R., & Lauricella, S. (2011). Exploring the benefits and challenges of using laptop computers in higher 

education classrooms: A formative analysis. Canadian Journal of Learning and Technology, 37(1), 1–18. 
Kononowicz, A. A., Woodham, L. A., Edelbring, S., Stathakarou, N., Davies, D., Saxena, N., Car, L. T., 

Carlstedt-Duke, J., Car, J., & Zary, N. (2019). Virtual patient simulations in health professions education: 
Systematic review and meta-analysis by the digital health education collaboration. Journal of Medical 

Internet Research, 21(7), e14676.
Li, H. F., & Wang, W. (2023). 人机协同深度探究性教学模式—以基于ChatGPT和QQ开发的人机协同探究性学习

系统为例 [Human–computer collaborative deep exploratory teaching mode: Taking the human–computer 
collaborative exploratory learning system developed based on ChatGPT and QQ as an example]. 开放教育

研究  [Open Education Research], (6), 69–81.
Li, Q. F., & He, H. (2009). 对话, 不仅仅是对话—教学中的对话及其价值意蕴 [Dialogue, not only dialogue: On 

the dialogue in teaching and its value implication]. 全球教育展望  [Global Education],  (10), 21–25.
Li, Y., Xu, J., Jia, C. Y., & Zhai, X. S. (2024). 大学生生成式人工智能应用现状与思考—基于浙江大学的调查 

[Investigation of college students’ generative artificial intelligence (GenAI) usage status and its implication: 
Taking Zhejiang University as an example]. 开放教育研究  [Open Education Research], (1), 89–98.

Liu, B. Q., Nie, X. L., Wang, S. J., Yuan, T. T., Zhu, H. J., Zhao, Z. Q., & Zhu, G. M. (2024). 生成式人工智能与

未来教育形态重塑: 技术框架、能力特征及应用趋势 [Generative artificial intelligence and the reshaping of 
future education: Technical framework, capability characteristics, and application trends]. 电化教育研究  
[e-Education Research], (1), 13–20.

Liu, Y. L., Liu, S. L., & Yang, J. C. (2022). 社会文化活动理论视域下人机协同教学及应用探索—以iWrite协同英

语写作教学为例 [Human–machine cooperative teaching and its application from the sociocultural activity 
theory perspective: A case of iWrite-assisted English writing instruction]. 中国电化教育  [China Educational 
Technology], (11), 108–116.

Lo, C. K. (2023). What is the impact of ChatGPT on education? A rapid review of the literature. Education 

Sciences, 13(4), 410–425. 
Osborne, R. J., & Wittrock, M. C. (1983). Learning science: A generative process. Science Education, 67(4), 

489–508. 
Pane, J. F., Griffin, B. A., McCaffrey, D. F., & Karam, R. (2014). Effectiveness of cognitive tutor Algebra 1 at 

scale. Educational Evaluation and Policy Analysis, 36(2), 127–144. 
Parasuraman, R., Sheridan, T. B., & Wickens, C. D. (2000). A model for types and levels of human interaction 

with automation. IEEE Transactions on Systems, Man, and Cybernetics-Part A: Systems and Humans, 
30(3), 286–297. 



SUN Yanyan, HUANG Yingfen, WEN Sifan198

Schraw, G., & Moshman, D. (1995). Metacognitive theories. Educational Psychology Review, 7, 351–371. 
Shaffer, D. W. (2004). Pedagogical praxis: The professions as models for postindustrial education. Teachers 

College Record, 106(7), 1401–1421.
Shaffer, D. W., Collier, W., & Ruis, A. R. (2016). A tutorial on epistemic network analysis: Analyzing the 

structure of connections in cognitive, social, and interaction data. Journal of Learning Analytics, 3(3), 9–45.
Smith, J. B. (1994). Collective intelligence in computer-based collaboration. CRC Press.
Tan, S. C., Chen, W., & Chua, B. L. (2023). Leveraging generative artificial intelligence based on large language 

models for collaborative learning. Learning: Research and Practice, 9(2), 125–134.
Tang, Y., & Hew, K. F. (2022). Effects of using mobile instant messaging on student behavioral, emotional, and 

cognitive engagement: A quasi-experimental study. International Journal of Educational Technology in 

Higher Education, 19(1), 3–22.
Vasconcelos, M. A. R., & Santos, R. P. D. (2023). Enhancing STEM learning with ChatGPT and Bing Chat as 

objects to think with: A case study. Eurasia Journal of Mathematics, Science and Technology Education, 
19(7), em2296.

Wang, Y. M., Wang, D., Liang, W. Y., & Liu, C. C. (2023). ChatGPT教育应用的伦理风险与规避进路 [Ethical 
risks and avoidance approaches of ChatGPT in educational application]. 开放教育研究  [Open Education 
Research], (2), 26–35.

Wang, Z., Chen, L., & Anderson, T. (2014). A framework for interaction and cognitive engagement in 
connectivist learning contexts. International Review of Research in Open and Distributed Learning, 15(2), 
121–141.

Webb, N. M. (2009). The teacher’s role in promoting collaborative dialogue in the classroom. British Journal of 

Educational Psychology, 79(1), 1–28.
Wilson, H. J., & Daugherty, P. R. (2018). Collaborative intelligence: Humans and AI are joining forces. Harvard 

Business Review, 96(4), 114–123.
Wu, B., Li, F. M., & Hu, Y. L. (2024). 生成式人工智能赋能本科生科研能力培养—ChatGPT支持的CUREs教学

模式 [Enhancing undergraduate research competence through generative AI: The ChatGPT-supported 
CUREs teaching approach]. 现代远程教育研究  [Modern Distance Education Research], (3), 3–10, 28.

Wu, D., Li, H., & Chen, X. (2023). 人工智能通用大模型教育应用影响探析 [Analysis on the influence of artificial 
intelligence general large models on education applications]. 开放教育研究  [Open Education Research], (2), 
19–25.

Yang, X. M., Wang, H. B., & Li, J. H. (2016). 滞后序列分析法在学习行为分析中的应用 [The application of the lag 
sequential analysis method in analyzing learning behavior]. 中国电化教育  [China Educational Technology], 
(2), 17–23.

Zhang, L., Zhou, L., & Zhao, L. L. (2023). 生成式人工智能教育应用风险及其规避—基于教育主体性视角 
[Educational application risk of generative artificial intelligence and its avoidance: From the perspective of 
educational subjectivity]. 开放教育研究  [Open Education Research], (5), 47–53.

Zhao, X. W., Dai, L., Shen, S. S., & Zhu, Z. T. (2024). 促进高意识学习的教育提示语设计 [Design of educational 
prompts to facilitate higher consciousness learning]. 开放教育研究  [Open Education Research], (1), 44–54.

Zhu, G., Fan, X., Hou, C., Zhong, T., Seow, P., Chen, S. H., Rajalingam, P., Low, K. Y., & Tan, L. P. (2023). 
Embrace opportunities and face challenges: Using ChatGPT in undergraduate students’ collaborative 

interdisciplinary learning. arXiv.
Zhu, Z. T., Dai, L., & Hu, J. (2023). 高意识生成式学习: AIGC技术赋能的学习范式创新 [Higher consciousness 

generative learning: Innovation of learning paradigm enabled by AIGC technology]. 电化教育研究  
[e-Education Research], (6), 5–14.


	 教育2026第2期—4 SUN Yanyan



