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Abstract—Forums are essential components facilitating int-
eractions in online courses. However, in large-scale courses,
many posts generated, which results in learners’ difficulties.
First, the posts are poorly organized and some deviate from the
topic, making it difficult for learners’ knowledge acquisition.
Second, learners cannot receive timely feedback and guidance,
making the learning progress unclear for them. Well-designed
scaffoldings should be built based on challenges of forums to
improve learners’ learning outcomes, knowledge construction,
and completion rate. While targeting the problems in online
forums, this article proposed principles for the design of online
scaffolding after analyzing the requirements of online learning
scaffolding or scripts. Subsequently, in this article, we designed
an automatic feedback scaffolding based on the principles and a
knowledge construction model. The scaffolding provided learners
with timely feedback and related learning guidance. Tags were
used to assist learners in acquiring relevant information more
easily. The scaffolding was then integrated into the Learning Cell
Knowledge Community and used in an online course for 955
learners. The results showed that automatic feedback scaffolding
positively affected learners’ learning and promoted positive
knowledge transformation. Furthermore, we found that the
scaffolding could help learners induce more constructive
behaviors defined in the Interactive, Constructive, Active, and
Passive deep learning framework that demonstrated the reason
for learners’ knowledge transformation. At last, learners’ course
completion rate also increased with the help of the scaffolding,
which provided evidence that well-designed scaffolding can result
in positive educational outcomes. In addition, the principles
proposed could also contribute to further scaffolding design and
practices.

Index Terms—Automatic feedback, online forum, scaffolding,
system design.

I. INTRODUCTION

MOOCS and online courses provide valuable opportuni-

ties for learners to acquire knowledge and advance

themselves. However, there is a high possibility that learners

drop out and cannot achieve satisfactory learning outcomes in

online courses [1] because the unregulated spontaneous learn-

ing process lacks timely and useful feedback that could help

solve problems and maintain interest [2], [3]. Some researchers

have revealed that feedback is essential in promoting learners’

learning [4], especially in MOOCs. However, it is difficult for

each learner to receive timely and useful feedback for large-

scale MOOCs. Using automatic analysis techniques to support

learners’ learning can be helpful [5]. Bey et al. [6] investigated

two automatic assessment methods in MOOCs for program

evaluation and found that they could benefit learners’ learning.

Some researchers have included discussion forums in online

courses as activities to support better interactions among

peers and instructors. On the one hand, forums can record

learners’ efforts and contributions during the learning pro-

cess. Research has shown that learners’ efforts during the

learning process substantially contribute to the learning

result, and effort visualization feedback tools are used to

help improve team members’ performance [7]. On the other

hand, posts in forums provide opportunities for students to

communicate with each other on specific problems or diffi-

culties. Some researchers provided evidence that learners’

posts in forums can reflect their understanding, problems,

and needs. Moreover, posts in forums are mostly proposed

based on previous learners’ ideas, which enable problem-

solving and knowledge construction. Therefore, providing

linguistic analysis and effective feedback for learners in

forums could benefit learners’ learning to a considerable

extent [8]. From another point of view, some researchers

have revealed that the time of feedback can also influence

learners’ learning [9]. However, it is not feasible to conduct

analysis and provide feedback in time manually, as there are

usually many posts in MOOCs. Accordingly, some research-

ers have begun to use automatic tools for online interaction

analysis [10]–[12]. These tools can help realize timely feed-

back, while there is still limited promotion for effective dis-

cussion [13], [14]. The reason is that the feedback is not

always well-designed and organized, which impedes learners
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to extract useful information from them. Wang et al. [15]

investigated the effect of different feedback formats. They

found that well-designed and detailed feedback that con-

tained more instructional information could result in better

learning perception and lower cognitive load. This made the

automation of online feedback even more complex and spe-

cific scaffoldings should be provided considering the feed-

back content and the time and format. Although some

researchers have investigated strategies for online learning

scaffolding and script design, systematic principles have not

yet been established to guarantee effective discourses and

feedback, which will be helpful for learners’ learning and

course completion rates. Based on related research, we argue

that effective scaffolding supporting deeper discourse and

feedback in online forums should involve the following

aspects.

1) Content-Related Discussions: Guidance provided by

scaffolding should be seamlessly relevant to the learn-

ing content.

2) Timely Feedback: Feedback should be given in real-

time to promote learner motivation and knowledge

awareness [16].

3) Reflect Learning State and Promote Progressive Dis-

course: Guidance should support learners using content

that reflects their current state and helps them engage

better.

4) Clearly Organized and Navigated: Posts should be

organized according to a specific classification system

to help learners easily discover information in massive

posts.

5) Provide Supportive Guidance for Further Learning:

Scaffolding should detect the topic and quality of cur-

rent discussion, and deliver feedback or prompts related

to problems that help learners adjust their learning strat-

egy timely.

This will enable learning engagement, retention rates and
performance to be improved.

In MOOCs, instructors and assistants are confronted with a

large number of learners which makes it impossible to provide

this type of scaffolding manually. Therefore, we developed

the principles that support the design of scaffolding and pres-

ent an automated approach to providing this specific scaffold-

ing in the Learning Cell Knowledge Community [17]. We

then investigate its effects using an online course of 955 learn-

ers. The research questions in this study focused on the follow-

ing three aspects:

1) If the scaffolding designed based on the proposed prin-

ciples can promote learners’ learning especially the

knowledge construction level?

2) If the scaffolding can increase learners’ high-level

behavior and engagement?

3) If the scaffolding can increase the course completion

rate?

At the end of the experiment, data collected provided evi-

dence that despite an automated approach’s limitations, auto-

matically triggered feedback produced positive effects on

student discourse and course performance.

II. LITERATURE REVIEW

Section I shows that forum is a widely used method to help

learners obtain information and enhance their communication

and understanding in online courses. During this process,

feedback is essential because learners may deviate from the

correct direction, thus providing timely and targeted feedback

could help realize more effective learning. However, forums

are usually large scale in MOOCs, making it difficult to pro-

vide timely, well-designed and detailed feedback manually.

Therefore, automated feedback should be involved and spe-

cific scaffolding should be developed. Currently, although

some studies have engaged in automated feedback in forums,

they have not established a systematic framework elaborating

the influential factors and integrating them with learners’ real

needs for effective feedback. This section first reviews the cur-

rent studies on feedback scaffolding and automatic feedback

scaffolding. Based on the problems in the current studies, we

investigated factors that promote communication in online

forums to help design principles for feedback scaffolding.

A. Scaffolding and Automatic Feedback Scaffolding

Promoting Online Discussion

Learners in forums can face many problems that affect their

learning, such as cognitive treks, information explosion, lack

of feedback, and low-level knowledge construction. To solve

these problems, scaffolding should be provided. There are

now many studies focusing on facilitating learners’ communi-

cation and knowledge acquisition in forums. The scaffoldings

positively influence learners’ learning despite some limitations

of scaffolding design.

Forums can promote learners’ communication and interac-

tion where correct directions should be ensured for the learn-

ing tasks [18]. Some research involved questions, tasks, or

teaching assistants to provide facilitation based on specific

strategies to guarantee the learning direction [19]. Rienties

et al. [20] conducted research using the Optimal model which

provided tutor guiding and tasks to scaffold learners’ dis-

course. The results showed that scaffolding could reduce

learners’ off-task discourse. Some researchers have used ICT

tools and strategies to reduce learners’ cognitive load caused

by information explosion in forums. Beers et al. [21] used

explicit scaffolding to promote learners’ discourses which

showed that it could help learners engage and contribute

more. These scaffoldings helped learners a lot in forums by

providing specific feedback or guidance. However, they relied

heavily on the tutor and teaching assistants’ facilitation which

could not work well when the number of learners increased

substantially.

Under these circumstances, some research has developed

automatic feedback scaffoldings. Automatic feedback scaffold-

ing is designed and embedded in learning software and triggered

when learners came up with an operation [22], [23]. In educa-

tion, automatic feedback is used to provide immediate response

and improve learners’ participation [24]. Therefore, feedback

should be provided promptly, with proper form and with proper

content. In practice, machine learning technologies are essential
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for automatic feedback and a specific framework is required for

different types of feedback. Current feedback mainly focuses on

emotion regulation and content improvement.

For emotion regulation, there has been much research in the

online environment [25], and their methods have been used in

education. Provoost [26] used learners’ online texts and algo-

rithms to detect their emotions. The results showed that the

automated method was moderately consistent with human

classification. Lin and Kao [5] conducted an experiment to

provide timely feedback on learners’ mental state in MOOCs

and showed that feedback could facilitate learners’ self-aware-

ness of mental efforts and promote their learning. Wen et al.

[27] investigated sentiment analysis in MOOC forums and

found a correlation between learners’ sentiment expression

and dropout behaviors. Furthermore, Moreno-Marcos et al.

[28] revealed learners’ engagement in MOOC forums based

on automatic sentiment analysis, which would help promote

learners’ learning motivation if proper guidance was provided.

Different analysis schemes were proposed for content

improvement [29]. Based on these schemes, researchers could

get to know learners from different aspects; thus, different

types of scaffoldings could be designed, such as content correc-

tion, text analysis, and learning guidance. De Vries et al. [30]

investigated automatic error detection and provided correction

feedback scaffolding in second language learning. Learners

using this system had a positive attitude toward learning. Thus,

immediate feedback can be precious in scaffolding efficient

learning. Akçapınar [31] used text-mining techniques to auto-

matically provide feedback on learners’ plagiaristic behavior.

The results showed that the method could effectively improve

their learning behaviors. Kovanovi�c et al. [32] conducted auto-
mated content analysis in online discussions and revealed sev-

eral features that could reflect learners’ cognitive presence.

They also found that learners’ meaningful interaction in forums

could improve the learners’ social presence and performance

[33]. More specifically, in the learning content, Liu et al. [34]

used multidimensional automatic analysis model to assess

learners’ content. The dimensions included grammar, spelling,

sentence diversity, structure, supporting ideas, coherence, and

conclusion. This high-quality model could guide learners’

learning and achieve performance that equated to teacher feed-

back. The results also showed that learners given automatic

feedback scaffolding performed significantly better than those

in the non-feedback environment. In dialogue guiding, Tsan

[35] used an automatic dialogue agent to help young learners

with the computer science curriculum, and found that the agent

could promote learning. Tegos et al. [36] used a conversational

dialogue system, “MentorChat,” to support online learners’

tasks and noted that weaker interventions could help students

better complete tasks.

However, researchers have also realized that automatic

feedback scaffoldings do not always work well if not designed

elaborately according to learners’ needs in forums. Howley

et al. [37] used Bazaar as an automatic feedback agent to

investigate the effectiveness of promoting learners’ self-effi-

cacy and learning outcomes. They found that if learners were

provided with automatic prompts without considering their

self-efficacy, they could have negative effects on learners. Mu

et al. [38] developed a framework for automatic text analysis

in online discussions and they made it more adaptive for dif-

ferent learning contexts. They also indicated that well-

designed automatic analysis could monitor learners’ learning

in real-time and provide personalized interventions that would

help improve learners’ thinking and learning progression.

The literature review revealed different types of feedback

scaffoldings. The studies have focused on various aspects,

such as timely feedback, emotion-sensing, knowledge guid-

ance, and prompts related to self-efficacy. The results provide

evidence that even though these automatic feedback scaffold-

ings can promote learners’ learning at most times, they still

cannot sometimes work because they mainly solve one facet

of the learners’ problem in online learning. However, learning

is a systematic process that involves many influencing factors.

Only when scaffoldings are designed systematically based on

these factors could learners benefit the most; thus, knowing

the influencing factors in online learning could be an essential

issue.

B. Factors and Principles Promoting the Design of

Scaffolding in Online Forums

Although many types of feedback scaffoldings have been

designed to facilitate learners’ learning, few have elaborated

and shared deep discussions in forums [39]. This is due to the

learners’ complex needs for feedback. In learners’ learning

practices, the roles of feedback include content correction,

idea analysis, providing guidance, identifying what the tutor

wants, and giving meaning to improve their learning [40]. A

detailed analysis of the functions of feedback scaffoldings

should be conducted. In this way, we can construct a system-

atic principle framework for automatic feedback scaffolding

design.

One objective of online forum scaffolding is to promote

learners’ content interactions. Well-designed interaction and

guiding rules are considered some of the most critical factors

for achieving high-level cognition in forums. Wang et al. [41]

investigated the role of interaction in discussion forums and

found that learners who interact more tend to achieve more.

Recommendations for scaffolding have been essential to

improve learners’ learning and cope with a large amount of

data online. Information explosion is one factor that could pre-

vent learners from acquiring useful knowledge, and techniques

have been recommended to filter adaptive posts or resources

for learners. These recommendations help improve learners’

reading frequency and summary ability [42]. Moreover, navi-

gation is vital in deciding learning outcomes once online

forums become very large [43]. Such navigation, termed

social navigation, can be realized by considering learners’ rat-

ings or operations [44]. Social navigation is often used in large

group learning and visualizes the group cognition of knowl-

edge [45]–[47]. This kind of visualization tends to change

learners’ attention and could impact learning outcomes [48].

Focusing on knowledge or cognition-related scaffolding,

some researchers have demonstrated that forum discussion
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could play positive roles in knowledge construction and effec-

tively support knowledge acquisition [49], [50]. Butchart

et al. [51] found that automated feedback could be helpful for

learners’ critical thinking cultivation, which will ultimately

contribute to their knowledge improvement. Kellogg et al.

[52] researched learners’ essay feedback and found that con-

tinuous feedback could help learners’ learning compared to

intermittent feedback.

To foster knowledge construction in collaborative learning,

Weinberger et al. [53] investigated socio-cognitive structuring

tools that use interactive, content structuring functions to

guide learner discussion. Both structuring functions helped

promote knowledge construction, whereas only interactive

structuring enabled learning outcomes. To ensure the validity

and reliability of the content, researchers have developed rules

for scaffolding. In designing the rules, they found that more

explicit scaffolding could improve engagement [54].

Some researchers have focused on interventions that aim to

enrich and promote student interaction [55]. Rule design is an

essential element in these interventions. With the rapid devel-

opment of instant communication techniques, researchers

have focused on real-time or automatic scaffolding based on

machine learning [56].

These studies indicated that learners face several key prob-

lems in large-scale online learning, such as content-related

guidance, lack of timely feedback, information explosion, and

shallow discussion and interactions. These problems result in

lower learning outcomes and higher dropout rates. From

another perspective, these problems raise several factors that

could guide the design of scaffolding, including content-related

discourse, clear navigation or visualization, progressive inter-

action, instant communication, and adaptive guidance. These

factors should be considered when designing online scaffold-

ing. Starting with these factors, we proposed principles (see

Table I) that should be considered in the design of scaffolding

by integrating learners’ requirements of online forums.

1) Content-Related Principle: During online discussions,

learners often provide irrelevant posts that cause the

discourse to deviate from the topic. This reduces the

effectiveness of online learning. Evidence suggests that

participation in content-related interactions is a predic-

tor of better performance [57]. Scaffolding should

maintain or extend the discourse topic to ensure the

quality of online learning.

2) Timely Feedback Principle: In large-scale online learn-

ing, many learners demand the instructor’s time, and it is

unlikely that timely feedback can be provided to every-

one. This may make learners feel despondent and

increase their dropout rates. Instant feedback could pro-

vide a clear motivation for improving learners’ practices

[58]. Long delays in receiving feedback make learners

feel unnoticed and reduce their throughput [59].

3) Reflect Learning State and Promote Progressive Dis-

course Principle: Content provided by scaffolding

should reflect learners’ understanding and promote their

knowledge progression. Generative discourse could

help learners reflect on their understanding and foster

knowledge development by comparing and integrating

other learners’ posts [60], [61]. With this type of scaf-

folding, learners can achieve deeper learning.

4) Clearly Organized and Navigated Principle: This is to

ensure that useful posts can be easily located. In large-scale

courses, forums are flooded by the learners’ posts. Being

well-organized makes it easy to navigate the discussion

and improves learning efficiency [62]–[64]. Posts proposed

by learners should be well-organized within specific cate-

gories, such as knowledge level, so that learners can effec-

tively find information at the appropriate level.

5) Provide Supportive Guidance for Further Learning

Principle: To help learners conduct effective learning

based on the discourse in large-scale online course

forums, scaffolding should also provide supportive

TABLE I
PRINCIPLE TABLE FOR SCAFFOLDING DESIGN
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guidance for further learning. For example, if a learner

is currently at a low knowledge level related to low

engagement, scaffolding should offer suggestions on

how to participate in the activity and think more deeply

about the learning content. Such feedback is designed

based on script theory, providing an external script or

helping improve learners’ development of an internal

script [65].

In this article, we investigated the proposed principles in

scaffolding design and hoped to promote three aspects of

MOOCs. The first is to enable constant feedback by providing

timely analysis and intervention. The second is to provide con-

tent-related prompts and learning guides to support learners’

behaviors and engagements, and promote their knowledge

construction level. The third is to increase the course comple-

tion rate through deeper interactions and clearer navigation.

The next section introduces the design of automatic feedback

scaffolding in online learning using these principles.

III. METHOD

This article aimed to help solve problems in online learning

forums using the proposed principles for online scaffolding

and automatic feedback scaffolding for real use. An automatic

feedback model that can realize the principles is quite impor-

tant during this process. The section first introduces an educa-

tional and technical model to support the design of automatic

feedback scaffolding. Then, the functions of the scaffolding

are presented. Finally, we will provide full details of this arti-

cle into scaffolding in an online course.

A. Automatic Feedback Model Supporting Scaffolding

We investigated several models to realize these principles.

The educational model supports learners with strategies based

on learning theories. The technical model enables supporting

learners’ timely interactions.

1) Educational Model Supporting Scaffolding: An educa-

tional model needed to be developed to support scaffolding

design to achieve principles (3) and (5). Here, we chose a

widely used knowledge construction model [66], [67]. The

reason for choosing this model is that it evaluates learners’

various knowledge construction features based on their posts.

For example, one’s post is just to share information or negoti-

ate with the other. According to these classifications, we could

measure learners’ engagement and knowledge construction,

which reflect their contribution or deep understanding of the

content. Moreover, the model relies little on the knowledge

domain. Thus, it can be used and transferred among domains

well. The schema of the model classifies the knowledge con-

struction process into the following five dimensions (P1–P5):

1) sharing and comparing information;

2) discovery and exploration of dissonance or inconsistency;

3) negotiation of meaning and co-construction of knowledge;

4) testing and modification of the proposed synthesis and

co-construction;

5) agreement statement(s) and applications of newly con-

structed meanings.

Using this schema, we could measure learning by evaluat-

ing whether learners have a deep understanding and engage-

ment in a specific area. If the learners do not achieve a

satisfactory level, guidance may be needed. Moreover, we

added another dimension: “P0: irrelevant information,” before

P1 to detect meaningless information which may affect the

efficiency of the course. The coding schema is shown in

Table II. The six dimensions represent the gradually increas-

ing knowledge construction levels of posts. The behaviors

related to each dimension are also shown in the table.

2) Training the Technical Model for Scaffolding: A tech-

nical model was needed to realize the content-related principle

(1), timely feedback principle (2), and clearly organized and

navigated principle (4). In addition, the scripts in the technical

model provide learners with the automatic and adaptive guid-

ance defined in principles (3) and (5). The technical model

makes automated feedback feasible. This section describes the

model training process based on the knowledge construction

model. A total of 1350 high-quality posts from 3 online

courses in different domains (learning science, educational

communication and technology research, and photography)

were chosen as the training data to ensure that the model was

applicable to other domains. We chose three courses to avoid

TABLE II
KNOWLEDGE CONSTRUCTION SCHEMA
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the influence of domain knowledge to the greatest extent in the

classification. Two doctoral students expertized in these topics

conducted data coding using the knowledge construction

schema. The two coders discussed the standard to code these

posts before coding for one time and agreed. After coding, the

Cohen’s kappa value of the two coders was 0.735, which

proves that their coding was consistent. We divided the 1350

samples into training data (924 items) and validation data

(426 items).

The machine learning tool, “LightSIDE,” was used for

model training. Developed by Carnegie Mellon University, it

is a workbench that integrates machine learning functions and

algorithms. Researchers can use visual interfaces without pro-

gramming. The following three steps are required to obtain a

model:

1) feature extraction;

2) model training;

3) error analysis.

Feature extraction can divide all input posts into isolated fea-

tures representing the current post from one point of view. Our

feature extraction used the word segment interface from Stan-

ford and 4517 features were obtained.Model building and evalu-

ation could support learners’ model training based on the

algorithms embedded in LightSIDE. We used logistic regres-

sion, and error analysis to adjust the model’s performance. After

the operation, we obtained a model with a 0.746 accuracy and a

kappa value of 0.659. The result was acceptable for making pre-

dictions in a real-learning context. We investigated several fea-

tures for model training, such as word, part of speech, and length

during this process. They were used to distinguish between dif-

ferent types of knowledge construction levels. As this article is

to provide an acceptable prediction model for automatic feed-

back scaffolding, we used a logistic regression model and did

not compare the different models.

B. Function Design of the Scaffolding Based on LightSIDE

We designed and developed an automatic feedback scaf-

folding tool to make the principles and model applicable in

online learning. The architecture of the automatic feedback

scaffolding involves three modules: a configuration module,

an automatic feedback agent, and a student module (see

Fig. 1).

1) Configuration Module: The configuration module con-

sists of context and domain configurations. This is the basis

for realizing principles (3) and (5) because it defines basic

knowledge for specific learning areas. The context configura-

tion mainly defines the situations or interfaces where auto-

matic feedback scaffolding can be triggered. Learners’ needs

determine the context where the feedback is presented. The

manager only needs to configure the URL request of a specific

context. This research was triggered in forums and aimed to

promote learner reflection. This module also provides the

function of the domain configuration which allows experts to

define domain knowledge. The manager should provide a

dataset supported by a coding schema in the specific domain

in determining domain knowledge. Subsequently, the feed-

back model can be updated.

2) Automatic Feedback Agent: The automatic feedback

agent is the most critical part of the scaffolding. This supports

the principles and provides functions to learners. This module

contains classification and intervene models. The classification

model is based on the LightSIDE server launched in the Learn-

ing Cell Knowledge Community. When learners participate in

discussion activities, they must submit posts to show their

understanding. The classification model receives posts through

the interface provided by LightSIDE and then uses the trained

model for classification. After the posts are classified into P0–

P5, the automatic feedback scaffolding can decide the learners’

knowledge construction level and guide further learning with

the intervene model. The interface provided by LightSIDE is

available online.1 These two models can provide learners with

timely feedback, content-related judgments, learning state

reflections, and guidance.

The intervene model defines the rules for automatic feedback.

We wanted learners to regulate their learning process, and thus

we did not provide them with specific resources. We only pro-

vided themwith guidance in terms of strategy.Many researchers

have shown how direct resources can trigger relatively shallow

learning instead of deep learning. Transforming guidance from

“knowledge telling” to “knowledge construction” may be more

effective [68]–[70]. These rules are listed in Table III.

As P0 means the post is off-topic, rules should guide the

learner to take a more active part in learning. P1 indicates that

the learner is shallowly proposing some concepts and lacks

knowledge integration and reflection. Rethinking the concepts

and participating in the activities will help learners understand

more. P2 indicates that learners are confronted with some

problems. The first step is to return to the learning content and

discuss it with peers. If it does not help, the teacher will pro-

vide targeted feedback. P3 means that the learner participates

in discussions and negotiations and has a relatively good

understanding. They need to reflect more deeply with the help

of the learning content and other learners’ points of view. P4

means the learner is proposing constructive suggestions for

the platform or course based on a relatively good understand-

ing of the course. They require deeper reflections. P5 indicates

that the learner has deeply reflected on the learning content.

They are doing well on this topic and can move to the next

Fig. 1. Architecture of the scaffolding.

1[Online]. Available: http://www.etc.edu.cn/ko/id/comments/tab?content=content
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topic. They need to continue their performance and make con-

nections between different topics.

3) Learner Module: The learner module is the interface

with which learners interact. It provides feedback for the

posts. When the learner submits a post, the automatic feedback

agent will develop specific guidance and show it to the learner

through the interface (see Fig. 2).

Learners might struggle to find useful information in the

discussion forum when solving a problem. Visualized post-

tagging provided all posts with specific tags. P0 indicated

“irrelevant or shallow understanding”; P1 as “listing simple

concepts”; P2 as “Proposing questions”; P3 as “discussion and

negotiation”; P4 as “constructive suggestions for course

improvement”; and, P5 as “deep reflection” (see Fig. 3). These

tags are key elements for realizing principle (4).

C. Research Design Based on the Proposed Scaffolding

1) Participants: The sample consisted of 955 learners who

joined the MOOC named “Project-based Learning under

Blended Learning Environment” voluntarily (see Fig. 4). The

MOOC was set up by a professor from a university in Beijing

and the course aimed to promote learners’ competency in

designing project-based learning courses. Learners in this

course include pre-service teachers and in-service teachers in

K-12 education and higher education. Some researchers,

undergraduate and graduate students were also required to

take this course. The learners had not taken part in similar

courses. The learners come from different places in China,

rural and urban areas. Under these circumstances, the learners

are of different backgrounds, and they could represent the

population in the educational area. During data analysis, we

excluded all learners whose duration in the course was less

than 15 min, which is less than one lesson.

2) Experimental Process: “Project-based Learning under

Blended Learning Environment” was set up on April 8, 2019.

Instructors uploaded 19 learning cells. Each learning cell is a

subsection of the course, and contains learning activities and

materials to support learning. The content of the course

includes the following:

1) the role of digital technologies in PBL;

2) how to choose the topic and set the target in PBL;

3) the design of learning outcomes and schedules;

4) information collection and learning activities;

5) the completion of the products in PBL and the method

for evaluating performance.

Learners could join the course at any time, and the sug-

gested learning time was approximately five weeks. Most

learners completed the online learning content in four weeks

Fig. 3. Tagged posts.

Fig. 4. Process of the course.

Fig. 2. Feedback for post.

TABLE III
RULES FOR AUTOMATIC FEEDBACK
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and designed their products in the last week. To evaluate the

role of automatic scaffolding, we did not include the scaffold-

ing in the first two weeks of the course. During the two weeks,

all learning took place in a traditional environment without

timely feedback or post tagging. We made scaffolding avail-

able from the third week (April 23, 2019). After the scaffold-

ing was included, we observed the online learning process.

We extended the observation period to more than six weeks so

that the learners joined after the scaffolding involved could

complete the online lessons. When the learners completed the

six-week learning, the six-week course can be divided into the

following three stages (see Fig. 4).

1) The first two weeks represented the effect of the

learners’ performance without automatic feedback

scaffolding.

2) Weeks 3–4 represented some new learners’ perfor-

mance when they first used the scaffolding and old

learners’ performance from 1–2 weeks.

3) Weeks 5–6 represented the delay or persistent effect of

the scaffolding in promoting learning.

The reason why we divided the stages with “two weeks”

was that the scaffolding was not included in the first two

weeks. Therefore, aimed to conduct a better comparison,

including learning totally without scaffolding, learning with

scaffolding for some time, and learning always with scaffold-

ing. Following this, we collected the course data to assess the

effect of scaffolding.

3) Instruments: RQ2 focused on the relationship between

learners’ knowledge transformation and behavior. Learners

with more high-level learning behaviors have a greater proba-

bility of achieving deeper learning [71], [72]. Therefore, learn-

ing behavior and engagement were measured first. As the

scaffolding was developed based on the Learning Cell Knowl-

edge Community, the community had a systematic behavior

classification [71]. The classification is similar to the Interac-

tive, Constructive, Active, and Passive (ICAP) framework

developed by Chi and Wylie [72], which could relate learning

behaviors to deep learning. As this framework has been widely

used in different studies [73], [74] and could reflect the idea of

our community, it was feasible to use it for behavior analysis

in our study. The details of the framework are shown in

Table IV, and we defined some examples based on our study.

We did not distinguish between the interactive and construc-

tive levels and combined them when conducting behavior

analysis because they were all at the deep understanding level.

We defined behaviors at three levels: 1) passive; 2) active; and

3) constructive. The framework was used to determine the dis-

tribution of behaviors at different depths. Learning behaviors

were coded to determine learning engagement to answer the

second research question.

4) Data Preparation and Statistical Methods: Data Prepa-

ration: The data used in this article included posts, learners’

behaviors, and learners’ scores. The posts were tagged with

their classification “P0–P5.” They were collected when the

learners submitted their understanding. We collected behav-

iors defined by the Learning Cell Knowledge Community.

In this article, eight typical behaviors are used: “Comment,”

“Post,” “Participate,” “Download,” “mykoevaluate (this indi-

cates the learner is checking his own evaluate result),”

“Profile,” “View,” and “koevaluation (this indicates the

learner is checking the course’s evaluation schema).” All the

behaviors were collected based on the xAPI format which

indicates “who do something at a specific time.” The platform

computed learners’ scores when they completed specific tasks

in the course. The scores were collected during different

stages of the course.

Statistical Methods. To answer the research questions, we

mainly investigated the frequency features of the collected

data, such as frequencies of learners’ behaviors, frequencies

of learners’ knowledge construction level at different stages,

and learners’ duration and scores in the course. These data

types were then analyzed to understand the changes triggered

by scaffolding. Generalized Sequential Querier [75] is a com-

puter program for analyzing sequential observational data. It

is often used for lagged sequential analysis to assess learners’

knowledge transformation and behavior pattern. This method

TABLE IV
ICAP FRAMEWORK
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can distinguish learners’ learning patterns by computing their

behavior sequences. If the transformation z-score between two

behaviors is higher than 1.96, it means that the transformation

pattern is significant and this change is more likely to occur

during the learning process. We also tagged the transition lines

to represent this transformation pattern as significant. We

found evidence of how learners’ learning can be influenced by

these results.

5) Research Questions: The following three research

questions were asked.

RQ1: If the scaffolding can improve learners’ knowledge con-

struction level?

RQ2: If the scaffolding can increase learners’ higher-level

behaviors or engagement? Are these behaviors or engage-

ments related to learners’ knowledge transformation?

RQ3: If the scaffolding can promote the course completion

rate?

IV. RESULTS AND DISCUSSION

Here, we provide evidence of the effectiveness of our scaf-

folding design. The three aspects of the results will be dis-

cussed: the role of scaffolding on knowledge construction

level, behaviors, and course completion rate.

A. Role of Scaffolding in Promoting learners’ Knowledge

Construction Level

We analyzed the role of scaffolding on learners’ knowledge

construction levels by comparing posts at different levels at

different stages. The transformation of posts is presented to

demonstrate the positive effect of scaffolding.

1) Learners’ Knowledge Construction Levels Before and

After Scaffolding: To answer RQ1, we collected data from

the three stages and compared the frequency of each classifica-

tion. In Stage 1, 666 posts were generated, whereas 847 and

878 were generated in Stages 2 and 3, respectively. The per-

centage of posts at each level is shown in Fig. 5, demonstrat-

ing that P0 was higher than all other classifications in Stage 1.

However, the percentage of P0 decreased significantly from

55.86% to 31.76% in Stage 2. In turn, the P5 percentage

increased. This means that most learners had relatively shal-

low understanding during the first stage of the course. Most

posts were irrelevant to the learning content, and learners

merely listed concepts. Learners seldom undertook deep

reflections. In Stage 2, scaffolding was embedded into the

Learning Cell Knowledge Community. With timely feedback

and adaptive guidance, learners can gradually achieve a

deeper understanding.

Stage 3 revealed that the percentage of P0 was even lower

(14.05%) and the percentage of P5 was higher (39.86%), sug-

gesting consistent improvement. Post quality gradually trans-

formed from low to high.

To demonstrate the role of scaffolding in the transforma-

tion, we collected data from new learners who joined the

course after scaffolding was introduced in the Learning Cell

Knowledge Community. These learners’ results are repre-

sented as “New User” in Fig. 5. Compared with new users

(learners without scaffolding) in Stage 1, new users’ P0 per-

centage was significantly lower than that in Stage 1 (21.22%

versus 55.86%). However, the P5 percentage was significantly

different (38.88% versus 2.40%). The scaffolding’s guidance

and feedback helped improve the quality of learners’ posts

and promoted a change in knowledge construction from lower

to higher levels.

Scaffolding promoted the transformation of learners’

knowledge construction levels gradually from lower to higher

(P0!P5). In traditional courses without guidance, learners set

out to obtain a qualification, but limited feedback means they

are often ignored. Learners perform tasks but may not receive

timely evaluations and hardly improve their knowledge con-

struction level [76]. We designed guidance and feedback

according to the scaffolding principles, viz. content-related,

timely feedback, knowledge reflection, and guidance to specif-

ically address the problems noted. As a result, learners

received timely feedback on the quality of their posts. They

learned about their performance and what they should do to

achieve better results. This was an unobtrusive and positive

intervention to help learners reflect on their understanding of

the learning content. Research suggests that this type of inter-

vention helps improve knowledge cognition [36], [77]. There-

fore, knowledge construction levels might be even higher in

the second and third stages of this experiment.

2) Further Testing of Knowledge Construction-Level

Transformation: Further testing was conducted using lagged

sequence analysis to better understand how knowledge con-

struction levels changed during the experiment. The transfor-

mation is shown with the transition lines in Fig. 6.

From the figure, we can see that the transition lines changed

after the scaffolding was introduced. Before using the scaf-

folding, learners tended to propose posts at the same level,

suggesting they did not know if there were problems with their

learning. Some learners typically explained their feelings even

if they were not relevant to the content (P0 ! P0). Some of

them could only express their ideas and could not improve

them as the course proceeded, thus, their behaviors remained

unchanged (P3 ! P3, P5 ! P5). However, after the scaffold-

ing was introduced, rich transformations were observed. New

transformations between different knowledge construction

levels appeared, such as P3 ! P1 and P2 ! P5. This means

Fig. 5. Percentage of different level posts in each stage.
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that the guidance of automatic feedback acted as a trigger to

help learners rethink their understanding. The rethinking pro-

cess promoted their understanding from shallow to deep [78].

As for scaffolding design, we classified posts with visualized

tags to help learners find useful information more easily. This

could also promote learners’ understanding by interacting

with others. During this process, learners’ understanding fluc-

tuated so that richer transformations occurred. Although there

was no significant transformation from P0 to other classifica-

tions, the reduced frequency of P0 indicates that scaffolding

helped learners develop. This was also important for the pro-

motion of the course. Changes in the learners’ knowledge ver-

ified the usefulness of the scaffolding, and the transformation

of learners’ knowledge proved the scientific value of the prin-

ciples underpinning the scaffolding design, especially timely

feedback, clear organization, and guidance.

B. Role of Scaffolding in Influencing Learners’ Higher Level

Behavior and Engagement

The role of scaffolding on learners’ behavior was measured

by comparing the changes in different behavior levels based

on the ICAP framework. Following this, we analyzed the rela-

tionship between changes in behaviors and knowledge

construction.

1) Changes in Learners’ Higher Level Behavior Using

Scaffolding: We analyzed learners’ different behavior types

based on the revised ICAP framework. Statistics relating to

behaviors before and after scaffolding are presented in

Table V. We can see that before the scaffolding was included

in the experiment, the percentage of high-level behaviors

(constructive) was relatively lower than once the scaffolding

was introduced (8.41% versus 14.90%). Moreover, the passive

level for learners without scaffolding was much higher than

with scaffolding (60.38% versus 51.08%). Scaffolding posi-

tively promoted meaningful behaviors and engagement.

With automatic feedback scaffolding, learners could under-

stand their problems immediately, based on principles (2) and

(3), after proposing a post. The guidance provided by the scaf-

folding, based on principle (5), enabled further engagement

with learning thereby increasing meaningful and higher level

behaviors. This is in accordance with other research using

agents for scaffolding [79], [80] and with the result of Section

IV-A that learners tended to have higher knowledge construc-

tion levels. The increased higher level behaviors could be one

reason why knowledge construction levels improved.

2) Relationship Between Increased Meaningful Learning

Behaviors and Learners’ Knowledge Construction-Level Trans-

formation: We compared the behavior of learners with differ-

ent knowledge construction-level transformations to verify the

relationship between learner behavior and knowledge construc-

tion-level transformation. In the course, we defined behaviors

that reflect learners’ engagement for analysis: comment (create

meaningful posts or comments for specific learning content),

koevaluate (check the evaluation module of specific learning

content), mykoevaluate (check one’s evaluation result of spe-

cific learning content), participate (take part in a learning activ-

ity such as submit work or draw concept maps), post (create

posts in a discussion forum), profile (check personal learning

history and profile), resource download (download course-

related resources), and view (view the learning content). We

conducted a statistical analysis of the frequency of each behav-

ior classified by the transformation. As these behaviors reflect

different learning engagement levels during the learning pro-

cess [71], frequency accumulation could not highlight the roles

of different behaviors. Therefore, we weighted the frequency of

each behavior to obtain a scaled engagement value. For con-

structive behaviors, we multiplied the value by 2. For activating

behaviors, we divided the frequency by 2, and for passive

behaviors, we divided the frequency by 5. The results are pre-

sented in Table VI. For positive transformations such as 0t1

(representing changes from P0 to P1), 0t3, 0t5, 1t3, 1t5, and

3t5, the scaled behavior engagements are mostly higher than

300, which is a relatively high learning engagement compared

with other transformations. However, negative transformations

such as 1t0, 3t0, 4t0, 5t0, and 5t3, have very low engagement

(lower than 250). For other types of transformations that main-

tain post quality, such as 0t0, 1t1, 3t3, and 5t5, we see relatively

low engagement. However, for high levels (5t5), the engage-

ment is high.

We observed the learning sequences for the different types of

learners. The learning sequences tended to form a loop for learn-

ers with positive transformation. For learners with negative

transformation, learning sequences tended to be simple: they

viewed the content, commented, and, then, checked their evalua-

tion. Learning was driven almost entirely by the evaluationmod-

ule. The results are shown in Fig. 7 and help explain which types

of learners could achieve better results. As learners with positive

transformation have rich learning behavior and high learning

engagement, they promote their knowledge construction level.

This result demonstrates the hypothesis that learners’ knowl-

edge construction level transformationmay be caused by a change

in learning behaviors, especially high-level learning behaviors.

Differences in the behavioral mode between positive and negative

transformation learners could also be an essential factor that pro-

motes learners’ knowledge construction levels. We can see a

“Learn and form the personal understanding (learn)—Comment

and interact with others (practice)—Evaluate and reflect

(reflect)—Learn and improve by taking part in further activities

(restructure)” circle which reflects motivated learning. Similar

circles have been shown to effectively promote learning by many

researchers [81]–[83]. After several iterations of the circle, the

learners had higher knowledge construction levels. This result is

Fig. 6. Comparison of the result of lagged sequence analysis.
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in accordance with the aims of principles (3) and (5), which reflect

learners’ current states and suggest useful guidance for improving

behaviors and promoting the transformation of knowledge.

C. Role of Scaffolding in Promoting Course

Completion Rates

The course completion rate is one of the most critical meas-

urements for online courses and can also reflect the influence

of automatic feedback scaffolding. The course was composed

of 19 lessons (learning cells) in this article, and each had its

evaluation module. After each lesson, we determined whether

they were completed by comparing the results with the quali-

fying score for the lesson. Ten lessons were available for

learners in the previous two weeks. After the introduction of

scaffolding, nine other lessons were published. We collected

the learning data for the ten lessons over one to two weeks to

measure learning without scaffolding. When scaffolding was

included, we collected the new learners’ learning state as the

comparison. These new learners conducted all their learning

with the support of scaffolding.

Table VII shows the difference in completion rate between

those learning with and without scaffolding. Learners without

scaffolding had 1562 lessons and only 423 were completed

(completion rate: 27.1%). However, for learners with scaffold-

ing, 1292 lessons were learned and 747 completed (comple-

tion rate: 57.8%). The rate was significantly higher when

scaffolding was used. To make the results more convincing,

we compared the last year’s course completion rate. As the

last year’s course was the first round course and the topics

were totally new to the learners, it attracted more attention.

After learning, the course completion rate reached 47.52%. In

TABLE VI
STATISTICS OF EACH BEHAVIOR

TABLE V
DIFFERENCE OF LEARNERS’ LEARNING BEHAVIORS BEFORE AND AFTER USING THE SCAFFOLDING

Fig. 7. Comparison of learning behavior for different transformation.
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addition, we can see that the course completion rate with scaf-

folding was also higher than in the last year’s course. This

means that scaffolding could help improve course completion.

The average score obtained by learners indicated that those

with automatic feedback scaffolding achieved better scores

(57.18 versus 25.66) than learners without scaffolding. For

lesson duration, learners with scaffolding used less time (4319

s versus 5600 s) and achieved higher scores. This means that

scaffolding can promote learning efficiency. The completion

rate of the whole course (all 19 lessons) was higher for learn-

ers with scaffolding.

Scaffolding promoted completion of the online course. The

following two reasons may have contributed to this result.

1) In the design of scaffolding, we provided timely feed-

back to learners. This not only gave learners specific

guidance but also made them feel noticed. If learners

strayed off-topic, it guided them back. Learners

engaged more effectively with learning content and

were more likely to complete the course. This is in

accordance with other research on MOOCs [84], [85].

2) Scaffolding tagged all posts, which helped new learners

find information more easily. It solved the problem of

learners being overwhelmed by information and unable

to achieve effective interaction, ultimately helping

them complete the course [86]. From these two phe-

nomena, we can see that principles (1)–(5) ensured a

positive learning retention rate.

Were there differences in course completion rates for learn-

ers undergoing different knowledge construction-level trans-

formations? Table VIII compares the course completion rate

data and the knowledge construction-level transformation data.

Transformation trends were coded by a doctoral student by ana-

lyzing the changes in post quality throughout the course. These

were divided into “Negative” (from higher to lower level),

“Keep” (no significant change), and “Positive” (change from

lower to higher level). Two transformations in the “Keep” clas-

sification are important and they are extracted: 0t0—which

means learner discussions were always irrelevant and 5t5—

which means learners maintained a consistently high level.

Negative learner completion rates were 40%, which was lower

than that of the “Keep” (51.72%) and positive groups

(71.09%). The average score of these learners was also lower

(37.442) than that of the learners in “Keep” (49.228) and posi-

tive (65.302) groups. Thus, we can conclude that for learners

who achieved “Negative,” “Keep,” and “Positive” transforma-

tions, their course completion rates gradually increased and

their performance was in accordance with this trend. For 0t0

learners, the completion rate was 31.25%, and the score was

36.011. These learners participated minimally in the course

and were not highly engaged. The completion rate and scores

of 5t5 learners were the highest (100% and 84.687), which was

not surprising because they worked consistently hard and

engaged deeply to maintain their knowledge construction level.

Overall, the data analysis showed that learners with nega-

tive transformation have lower learning engagement and less

meaningful learning behavior. Because of less meaningful

learning behavior, they could not understand the learning con-

tent deeply, and this is the reason for the negative transforma-

tion at the knowledge construction level. Learners with

positive transformations actively participated in the learning

process and engaged deeply. They gradually improved their

understanding. Ultimately, these transformations affected the

course completion rate. Positive transformations tend to

enhance course completion rates and scores. Learners with

negative transformations tend to achieve lower completion

rates and scores. Meaningful activities and comments can

affect learners’ understanding and, ultimately, course comple-

tion [87]. This has important implications for course instruc-

tors in managing and guiding online learning.

The automatic feedback scaffolding proposed in this article

promotes knowledge construction by improving high-level

learning behaviors and engagement. With better engagement,

learners can achieve a positive knowledge construction trans-

formation. This transformation then results in better course

completion rates. The results support the automation of scaf-

folding designed to solve specific educational challenges.

V. CONCLUSION AND FUTURE WORK

Forums are essential components of online learning but

many learners cannot realize effective knowledge acquisition

and support their learning without well-designed scaffolding,

TABLE VII
STATISTICS OF THE COMPLETION RATE OF THE COURSE

TABLE VIII
RELATION BETWEEN KNOWLEDGE CONSTRUCTION LEVEL TRANSFORMATION

AND COURSE COMPLETION RATE
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especially in large-scale courses. Many researchers developed

useful scaffoldings in traditional or small-scale learning envi-

ronments, and they have provided tips for the design of these

scaffoldings [88]–[90]. They designed scaffoldings for differ-

ent learning contexts to support learners in better handling the

learning process [91], [92]. However, effective and systematic

principles for scaffolding design in online learning have not

been proposed or widely used. Moreover, large-scale courses

introduce some new features, such as a large number of learn-

ers and interactions that make the discussion in a mass and

ultimately affect learning outcomes. Aiming at solving the

problems in large-scale courses and focusing on factors that

promote highly efficient forum discourse, we proposed an

automatic feedback scaffolding and its design principles. Prin-

ciples for guiding online scaffolding design were formulated

and used as the basis for automatic feedback scaffolding to

support learners’ knowledge reflection, feedback, information

discovery, and learning progression in online forums. It pro-

vides systematic guidelines considering the features of large-

scale online courses when designing scaffoldings in online

forums, which is the main contribution based on current stud-

ies [93], [94]. Feedback rules in the scaffolding were defined

based on a knowledge construction model and the functions

present in the interface were designed based on the problems

in online forums, such as timely feedback, knowledge organi-

zation, and supportive guidance. In real use, the machine

learning model could detect the quality of learners’ posts and

the rules could provide automatic feedback and tagging

according to post quality. We used the scaffolding in an online

course with 955 learners to determine its effectiveness. Three

aspects were investigated: whether the scaffolding could pro-

mote the following:

1) learners’ knowledge construction level in online

learning;

2) higher level learning behavior or engagement;

3) the course completion rate.

To answer research question (1), we analyzed learners’

posts and found that high-level posts (P5) significantly

increased from 2.4% to 39.86%, whereas low-level posts

decreased from 55.86% to 18.34% over the three stages. This

indicates that the scaffolding could promote learners’ knowl-

edge construction levels. This confirms the results of other

researchers that instant guidance in online learning can pro-

vide learners with timely evaluation and promote the develop-

ment of cognition [77], [95]. Posts were substantially

transformed for learners under the guidance of scaffolding.

Learners were able to rethink or reflect inspired by timely

feedback or tagged posts [78], [96], [97]. This suggests that it

is necessary to involve specific scaffolding to help learners

understand the learning content and reduce their load. To

answer research question (2), we further measured the

learners’ behaviors and engagements under the revised ICAP

deep learning framework. Paul and Stephen [40] found that

automatic feedback could help provide useful information

about errors, and this helps learners improve their behavior.

Similarly, in this article, we found that scaffolding induces

more high-level learning behavior and promotes greater

learning engagement. To understand the relationship between

knowledge construction level transformation and learners’

meaningful behaviors, we compared the learning behaviors

for different transformations. We found that positive transfor-

mations were related to more high-level (constructive) behav-

iors and fewer low-level (passive) behaviors. Negative

transformations were related to more low-level behaviors.

Positive transformations tended to form a circle of learning

behavior, which included learning, practicing, reflecting, and

restructuring. More meaningful behaviors and the generation

of a learning circle could explain why these learners achieved

positive transformation. Compared with the current studies,

this research question investigated more in-depth why specific

scaffolding could help improve learners’ learning. The results

suggest that learners’ knowledge transformation is related

seamlessly to their learning behavior, especially higher level

behaviors. Moreover, the results of the research question

reveal that the learning mode “tell & practice” [98] cannot

always work in online learning. Teachers’ guidance should

focus on improving learners’ behavioral engagement instead

of giving them simple instructions. Therefore, in designing

online learning scaffoldings, researchers should know more

about learners’ interactions and their relationship with knowl-

edge acquisition before involving rules in scaffolding. Finally,

with the functions provided by the scaffolding, the course

completion is also promoted, as demonstrated by research on

MOOCs [85], [99], which answered research question (3).

This article started by collating online scaffolding design prin-

ciples targeted at problems in online forums and developing

automatic feedback scaffolding. The scaffolding was applied in

a real context, and satisfactory results were achieved. The main

contributions of this article are as follows.

1) It provides evidence that the specific design for auto-

mated scaffolding realized in real-time educational con-

texts can solve existing problems.

2) Automatic feedback involving guidance rules and visu-

alized tags may guide learners from lower knowledge

construction levels to higher levels, and ultimately pro-

mote better learning outcomes.

3) This article integrates the knowledge construction level

with learners’ meaningful behaviors, which could

reflect deep learning in the course. By integrating these

data, this article revealed why and how the scaffolding

could promote learning and ultimately improve the

course completion rate.

4) This article proposes principles for effective online

scaffolding design. The influence of the scaffolding in

the real learning context demonstrates the value of the

principles. The most important value of this article is

that it not only develops a method aiming at existing

problems in large-scale course forums; it also summa-

rizes the reasons for the problems and proposes some

well-designed principles guiding the design of similar

scaffoldings. By automating these principles using spe-

cific technologies, this research verified the effect of the

automatic feedback scaffolding as well as the princi-

ples. In addition, the results of this article revealed the
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relationship between knowledge transformation and

learners’ learning behaviors. This made the learning

process more explicit by integrating different data that

supplemented related research and benefited online

learning design [100]. These aspects would be helpful

for researchers and instructors to engage in better edu-

cational practices. A full understanding of potential

problems and elaborate design is of core importance in

online course implementation.

This article provided detailed evidence that machine learn-

ing methods can be effectively used in designing automatic

feedback scaffolding to support efficient learning in online

learning forums. With well-designed principles and automatic

feedback, we can help promote higher level learning. This

could help enrich the theoretical and practical aspects of auto-

matic feedback in online learning. This research could be

helpful for general practice in education as it provides design

principles supporting automatic feedback in online courses by

summarizing the features of large-scale online courses. Using

the principles and the practices presented in this article,

researchers and instructors can update their knowledge in scaf-

folding design and improve their design; they will know more

about problems in online courses and how to conduct elabo-

rate design based on learners’ online interactions [101]. How-

ever, there are still limitations to this study. The principles and

rubrics designed for scaffolding are relatively basic and can

be refined to be more adaptive for all learners. In the

future, we plan to integrate personalized recommendations

that involve both resources and related users in the feed-

back, instead of only plain text guidance. During this pro-

cess, the accuracy of automatic classification should also

be improved.
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