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Learning from Errors in Collaborative Learning:
An Experimental Study of Erroneous Worked-Out Examples

Shigen Shimojo (sshimojo@fc.ritsumei.ac.jp)1 & Yugo Hayashi2
1Research Organization of Open Innovation and Collaboration, Ritsumeikan University

2College of Comprehensive Psychology, Ritsumeikan University

Abstract

Collaborative learning facilitates cognitive activities such as
knowledge elaboration through interaction. However, when
extraneous cognitive load is high, the cognitive resources avail-
able for engaging in learning processes may be reduced. Er-
roneous worked-out examples (EWoEs), which present solu-
tions containing misconceptions, can induce cognitive con-
flict and facilitate knowledge revision. This study exam-
ined the effectiveness of EWoEs and their underlying mech-
anisms in collaborative learning. To enable adaptive exam-
ple presentation based on learners’ knowledge, we employed
a knowledge generation model based on the Adaptive Con-
trol of Thought–Rational (ACT-R). We used drawing perfor-
mance as an indicator of knowledge elaboration and the Inter-
active–Constructive–Active–Passive (ICAP) framework as an
indicator of learning processes. EWoEs enhanced drawing per-
formance and the co-occurrence of Constructive and Interactive
modes. Moreover, such co-occurrences were associated with
improvements in drawing performance. These results suggest
that EWoEs facilitate learning processes involving knowledge
elaboration triggered by misconceptions.

Keywords: erroneous worked-out examples; ICAP framework;
adaptive collaborative learning support; concept maps

Introduction
Collaborative learning gives rise to cognitive activities such as
knowledge elaboration that occurs through interactions (Shi-
rouzu et al., 2002). In Adaptive Control of Thought–Rational
(ACT-R) theory (Anderson, 2007), the processes of learning
and expertise are conceptualized as a series of transforma-
tions, including knowledge compilation in which declarative
knowledge is converted into procedural knowledge, integrated
with existing knowledge. From this perspective, learning is
not merely an increase in the amount of knowledge, but rather
lies in how learners elaborate knowledge. As a framework for
capturing such processes of knowledge change, the Interac-
tive–Constructive–Active–Passive (ICAP) has been proposed
(Chi & Wylie, 2014). ICAP posits that Interactive mode, in
which learners co-infer based on others’ ideas, is most likely
to induce knowledge elaboration (Chi & Wylie, 2014).

However, collaborative learning poses the challenge that
cognitive load can make knowledge elaboration difficult. For
example, even in Computer-Supported Collaborative Learn-
ing (CSCL) that visualize others’ knowledge using concept
maps, which are designed to facilitate Constructive and In-
teractive modes, learners have been shown to struggle to en-
gage in Interactive mode(Shimojo & Hayashi, 2025a). From

the perspective of cognitive load theory, it has been pointed
out that increases in extraneous load reduce the cognitive re-
sources available for learning (Paas et al., 2010), and as a con-
sequence, Interactive mode is impeded (Shimojo & Hayashi,
2024). Therefore, there is a clear need for instructional sup-
port that facilitates Interactive mode in collaborative learning.

To address these challenges, worked-out examples (WoEs)
have been shown to be an effective approach for reduc-
ing cognitive load and facilitating knowledge elaboration.
WoEs present step-by-step procedures or final solution ex-
amples and are known to reduce extraneous cognitive load
(Sweller, 1988). Furthermore, erroneous worked-out exam-
ples (EWoEs) are procedural or final solution examples that
contain misconceptions. Such misconceptions induce cog-
nitive conflict (Posner et al., 1982), which in turn facilitates
knowledge elaboration through processes such as knowledge
revision and restructuring (Schraw, 2006). Therefore, EWoEs
can be considered a promising method for facilitating Interac-
tive cognitive processes in collaborative learning.

In this study, we examine the effects of EWoEs in a
CSCL environment in which peers’ knowledge is made visi-
ble—specifically, the usefulness of learning from errors and
the mechanisms underlying their effectiveness. Specifically,
we investigate whether EWoEs facilitate learners’ understand-
ing (RQ1) and influence collaborative learning processes
(RQ2). Based on the ICAP framework (Chi & Wylie, 2014),
it is possible to systematically examine which cognitive pro-
cesses are elicited by WoEs and EWoEs in collaborative learn-
ing contexts. In the following sections, we review related work
on WoEs and EWoEs and then describe the objectives and
hypotheses of the present study. This study contributes to un-
derstanding how learning from errors functions as a cognitive
scaffold for knowledge elaboration in collaborative learning.

WoEs and EWoEs on Collaborative Learning
The effects of WoEs and EWoEs have also been demonstrated
in collaborative learning contexts, in which learners can en-
gage more actively in discussions with their peers. For ex-
ample, Retnowati et al. (2010) showed that WoEs were more
effective than problem-solving in both individual and collab-
orative learning settings. By reducing extraneous cognitive
load, WoEs allow learners to efficiently acquire procedural
knowledge and recognize key problem features, thereby free-
ing cognitive resources for engagement in high order learning
processes and promoting understanding. In addition, EWoEs
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have been shown to enhance learning performance compared
with both WoEs and problem-solving approaches (Barbieri
& Booth, 2016). Exposure to misconceptions or contradic-
tory examples is known to induce cognitive conflict (Posner
et al., 1982), which in turn facilitates conceptual restructuring
(Schraw, 2006). Furthermore, Vogel et al. (2016) found that
discourse moves such as counterarguing against a partner’s
ideas and integrating differing opinions mediated the effec-
tiveness of EWoEs-based learning through discussion skills.
Accordingly, EWoEs can be said to promote the discussion of
misconception-related knowledge and facilitate the restructur-
ing of learners’ knowledge in collaborative learning.

However, in collaborative learning contexts, WoEs and
EWoEs do not necessarily facilitate learning and may, in some
cases, even hinder it. For example, Retnowati et al. (2017)
reported that learning outcomes with WoEs were higher in
individual learning than in collaborative learning. Collabo-
rative learning may require additional cognitive resources for
interaction, regulation, and coordination. Yang et al. (2016)
compared individual and collaborative learning using WoEs
and EWoEs and found no differences in either learning perfor-
mance or transfer performance. They argued that, in collabo-
rative settings, the increased amount of information exchanged
among learners elevates cognitive load, making it more dif-
ficult to detect misconceptions and process explanations. In
addition, EWoEs may be challenging for novices, as they re-
quire learners to revise their existing misconceptions (Chi,
2005). Furthermore, prior studies on WoEs and EWoEs in
collaborative learning have not sufficiently examined whether
these examples actually facilitate collaborative learning pro-
cesses at the dyadic level. Therefore, it is crucial to adaptively
present examples that are relevant to the knowledge under
discussion and to capture the nuances of the collaborative
learning processes themselves.

WoEs and EWoEs in Learning Support Systems
To date, no studies have compared WoEs and EWoEs within
adaptive learning support systems grounded in learners’ cog-
nitive processes in collaborative learning contexts. Adams
et al. (2012) investigated individual learning and found that
EWoEs led to higher delayed post-test performance than feed-
back. In our line of work, studies have examined instructional
situations involving teachable agents (TAs) in collaborative
learning. Hayashi et al. (2025b) investigated the effects of
teaching a TA, while Hayashi et al. (2025a) compared ego-
centric and other-oriented knowledge generated by TAs. Al-
though these studies do not directly address WoEs or EWoEs,
they share a common framework with WoEs and EWoEs inso-
far as they present knowledge generated by cognitive models
that reflect learners’ knowledge states. However, these studies
did not address verbally mediated collaborative interactions,
and thus the examination of collaborative learning processes
remains insufficient. Furthermore, differences in effects as
measured by outcome indicators that assess knowledge struc-
tures have not been examined. In addition, methods for gen-

erating knowledge related to learners’ actual misconceptions
have not yet been explored. Consequently, empirical evidence
regarding the effects of adaptively presenting EWoEs in col-
laborative learning contexts remains limited.

In summary, the effects of WoEs and EWoEs in collabora-
tive learning have not been consistent, and prior research has
not sufficiently examined how WoEs and EWoEs compare in
terms of the extent to which they facilitate collaborative learn-
ing processes and knowledge elaboration. Moreover, no stud-
ies have systematically investigated the collaborative learning
processes elicited by EWoEs. In addition, there is a lack of
research on adaptive learning support systems that present
examples aligned with content currently under discussion.

Goal and Hypothesis
The purpose of this study is to examine whether the adaptive
presentation of EWoEs in collaborative learning facilitates
both learning outcomes and collaborative learning processes.
The hypotheses are as follows. First, we hypothesize that
EWoEs will facilitate knowledge elaboration (H1). Second,
we hypothesize that EWoEs will elicit deeper levels of collab-
orative learning processes (H2). Third, we hypothesize that
such deeper collaborative processes will be associated with
the knowledge elaboration (H3).

Method
Participants
Participants (hereafter referred to as learners) were 84 first-
and second-year undergraduate students majoring in psychol-
ogy (52 females, 32 males; 𝑀 = 19.42, 𝑆𝐷 = 2.39). The ex-
periment employed a one-factor between-participants design
(control vs. WoEs vs. EWoEs). Participants were randomly
assigned to the control condition (13 males, 17 females), the
WoEs condition (10 males, 16 females), or the EWoEs con-
dition (9 males, 19 females). Learners were paired with pre-
viously unknown partners and had no prior knowledge of the
psychological concepts studied. Figure 1 illustrates the exper-
imental setup. An a priori power analysis based on an effect
size of 𝑓 = 0.37 reported in Shimojo and Hayashi (2025b),
with 𝛼 = .05 and 1 − 𝛽 = .80, indicated a required sample

PCMonitorParticipant A Participant B

Figure 1: Experimental situation.
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Figure 2: Screen capture of the collaborative phase. The
“Learner” and “Partner” map were constructed during the
individual phase. The “Pair” and “Agent”map was constructed
during the collaborative phase.

size of 74 participants. This study was approved by the Ethics
Committee of the authors’ university.

Learning Task

The learning materials consisted of a learning text (Shimojo
& Hayashi, 2025a) and an episode (Weinberger & Fischer,
2006). The learning text provided an overview of attribution
theory, and the episode was a text-based student counseling
scenario describing an interaction between a student and a
counselor regarding the student’s anxiety at the beginning of
a new academic term. During the individual phase (15 min-
utes), learners inferred the causes of a student’s anxiety at
the beginning of a new academic term based on attribution
theory and individually constructed a concept map. During
the collaborative phase (20 minutes), learners referred to their
individual maps, explained their reasoning to one another,
and collaboratively constructed a concept map. In the col-
laborative phase, only the maps created during the individual
phase were displayed in the control condition. In the WoEs
condition, a map generated by an agent was additionally dis-
played, whereas in the EWoEs condition, a map containing
misconceptions was displayed (Figure 2).

Experimental Procedure

Learners first studied a learning text on attribution theory.
They then completed a pre-test on attribution theory, followed
by the individual phase and the collaborative phase. After
completing the learning tasks, learners took a post-test. Both
the pre-test and post-test included the following open-ended
question: “Please describe what you know about the attribu-
tion of causes for success and failure.” However, the pre-test
and post-test results are not analyzed in this study. The present
paper focuses on knowledge elaboration as reflected in con-
cept map construction.

Experimental System
In this study, we employed ACT-R (Anderson, 2007) as a
cognitive architecture to implement an agent that presents ex-
ample as solutions for learners’ collaboratively constructed
concept maps. ACT-R models cognition through interactions
between declarative and procedural knowledge, thereby en-
abling modeling of knowledge retrieval processes.

The experimental system was implemented in C# and con-
sisted of two components: (a) a concept map construction
interface, and (b) an ACT-R–based agent. Learners external-
ized their understanding by manipulating nodes and links, and
these operations were synchronized with the agent via TCP/IP
communication. The declarative and procedural knowledge ,
as well as the associated parameters, were set based on concept
map construction log data reported in Hayashi and Shimojo
(2022), collected from 58 undergraduate psychology students.
Consequently, the agent-generated propositions were designed
to reflect solution examples and to be adaptively presented ac-
cording to the knowledge state in the collaborative map.

Declarative Knowledge Declarative knowledge in ACT-R
is a memory representation that stores factual knowledge, such
as concepts and propositions, in the form of chunks. In the
present study, propositions constituting concept maps were
implemented as declarative knowledge. The nodes were se-
lected from eight causes (e.g., effort) related to the episode
phenomenon of “anxiety,” which were identified through dis-
cussion with co-authors based on the learning task described
in Shimojo and Hayashi (2025a). The links were derived
from the three dimensions of attribution theory presented in
the learning text: internal–external, stable–unstable, and con-
trollable–uncontrollable. In addition, combinations of mis-
conceptions were extracted from learner log data, and their
frequencies were calculated. The mean frequency was 2.42,
and combinations occurring at or above this threshold were
implemented as declarative knowledge. Figure 3 shows exam-
ples of the implemented chunks. For instance, p1 represents
episode-related knowledge, whereas p2 represents learning
text-related knowledge.

Each declarative knowledge chunk 𝑖 is assigned an acti-
vation value, 𝐴𝑖 , which represents the accessibility of that
knowledge during retrieval. In the present study, among mul-
tiple declarative knowledge chunks, propositions with higher
activation values were preferentially selected and presented
as WoEs or EWoEs. Equation (1) defines the activation value

1 (chunk−type episode phenomenon cause)
2 (chunk−type learningtext dimension cause2)
3 (chunk−type is−member phenomenon2 judgment)
4 (chunk−type conceptmap node1 node2 link)
5 (p1 ISA episode phenomenon anxiety cause "excuse")
6 (p2 ISA learningtext dimension "internal" cause2 " excuse")
7 (g1 ISA is−member phenomenon2 anxiety)

Figure 3: Example of chunks.
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𝐴𝑖 for each chunk i as a function of the base-level activation
𝐵𝑖 , a spreading activation term (

∑
𝑘

∑
𝑗 𝑊𝑘 𝑗𝑆 𝑗𝑖), and a noise

term (𝜀). This formulation reflects both the frequency of use
and the temporal recency of each knowledge chunk. Equation
(2) defines the base-level activation 𝐵𝑖 , which represents the
extent to which a given knowledge chunk has been utilized in
the past. The value of 𝐵𝑖 is updated based on the frequency of
use n, the decay rate d, and the elapsed time L since the knowl-
edge was last used. In the present study, L was initialized to
1 at the beginning of the experiment and was subsequently
updated sequentially to reflect temporal information derived
from learners’ interaction logs accumulated during the exper-
iment. The decay rate d was set to 0.5. Thus, knowledge
chunks that are used more frequently in the collaborative map
become more highly activated and more readily retrievable,
whereas less frequently used chunks become progressively
less activated. Consequently, WoEs or EWoEs correspond-
ing to the knowledge represented in the collaborative map are
presented.

𝐴𝑖 = 𝐵𝑖 +
∑︁
𝑘

∑︁
𝑗

𝑊𝑘 𝑗𝑆 𝑗𝑖 + 𝜀 (1)

𝐵𝑖 = ln
( 𝑛

1 − 𝑑

)
− 𝑑 · ln(𝐿) (2)

Procedural Knowledge Procedural knowledge specifies
how declarative knowledge is used to select actions, and in
the present study it was implemented as a strategy for generat-
ing propositions in concept maps. Specifically, a sequence of
processes was represented as production rules: (a) referenc-
ing the collaborative map, (b) retrieving propositions, (c) en-
coding, (d) using retrieved knowledge from the collaborative
map, or alternatively (e) using the agent’s own knowledge,
followed by (f) searching for and generating a proposition.
The selection probability of a production (3) was determined
by its utility value (4), which reflects its expected usefulness,
combined with a noise term (𝜀). Steps (d) and (e) could com-
pete with one another during production selection. Therefore,
based on the findings reported in Hayashi and Shimojo (2022),
appropriate utility values were determined. Sensitivity anal-
yses were conducted by varying the utility parameters, and
the results indicated that setting the utility value (4) to 9.0 for
(d) and 10.0 for (e) yielded the best fit to the empirical data.
Accordingly, in the present study, the agent adopted knowl-
edge retrieval strategies in proportions comparable to those of
actual learners, selecting whether to use knowledge retrieved
from the collaborative map or solution examples stored in the
agent’s own knowledge base based on the utility values associ-
ated with each strategy. As a result, propositions that are both
consistent with the current knowledge structure of the collab-
orative map and have high activation values are preferentially
presented on the concept map as WoEs or EWoEs.

Probability(𝑖) = 𝑒𝑈𝑖/
√

2𝑠∑
𝑗 𝑒

𝑈 𝑗/
√

2𝑠
(3)

𝑈𝑖 (𝑛) = 𝑈𝑖 (𝑛 − 1) + 𝛼 [𝑅𝑖 (𝑛) −𝑈𝑖 (𝑛 − 1)] (4)

Dependent Variables
In this study, the hypotheses were tested using drawing per-
formance and collaborative learning processes.

Drawing Performance Drawing performance is an indi-
cator of the extent to which learners revise and structure
their knowledge throughout the learning process (Novak et al.,
1984). In the present study, we used a gain score calculated
by subtracting the map score of the individual phase (Individ-
ual Concept Map: ICM) from that of the collaborative phase
(Collaborative Concept Map: CCM). Traditionally, concept
map assessment has relied on objective reproducibility mea-
sures based on the correctness of nodes and links as compared
with an expert map (Engelmann & Hesse, 2010). In contrast,
the present study evaluated the degree of knowledge elabo-
ration by examining the extent to which learners represented
the dimensions of attribution theory in an integrative manner,
relative to an expert map. Two coders independently rated
each map on a 5-point scale using a coding scheme adapted
from Shimojo and Hayashi (2025a) (Krippendorff’s 𝛼 = .84).
Discrepancies were resolved through discussion. A score of
1 indicated representation of a single dimension; 2 indicated
two dimensions; 3 indicated all three dimensions; 4 indicated
all three dimensions plus relations between two dimensions;
and 5 indicated all three dimensions (internal/external, sta-
ble/unstable, controllable/uncontrollable) as well as relations
among all three dimensions. To test H1 regarding drawing
performance, a one-way between-participants analysis of vari-
ance was conducted.

Collaborative Learning Process Collaborative learning
processes were examined using epistemic network analy-
sis (ENA) to analyze the relationships among Active, Con-
structive, and Interactive utterances in the ICAP framework.
Specifically, connection strengths and coordinates on the X-
and Y-axes were used as indicators of collaborative learning
processes. Utterance data were collected from video record-
ings of the collaborative learning sessions. The recordings
were transcribed verbatim. ICAP coding was conducted using
a double-coding procedure based on a coding scheme adapted
from Shimojo and Hayashi (2025a) (Krippendorff’s 𝛼 = .80).
Discrepancies between coders were resolved through discus-
sion to reach consensus. Active utterances included repetition,
summarization, and references to the concept map. Construc-
tive utterances included opinions accompanied by justifica-
tion, self-explanations, self-reflections, and questions. Inter-
active utterances included incorporating concepts into the con-
cept map, disagreeing, agreeing, explaining to others, posing
and responding to questions, summarising a partner’s con-
tributions, checking a partner’s understanding, and making
revisions prompted by a partner’s feedback. Utterance pro-
portions were calculated by dividing the number of utterances
in each category by the total number of Active, Constructive,
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Figure 4: Between-condition comparison of drawing perfor-
mance. Error bars indicate standard deviations.

and Interactive utterances. To test H2 regarding collaborative
learning processes, ENA was conducted. The ENA was im-
plemented using the rENA package in R . A window size of
seven utterances was used . For analysis, principal compo-
nents in the ENA space (MR1, SVD2) were computed (MR1:
maximum between-group separation; SVD2: second princi-
pal component), and networks for the WoEs and EWoEs con-
ditions were compared based on normality tests. To test H3,
multiple regression analyses were conducted with the ENA
space as predictors and drawing performance as the outcome
variable.

Results
Drawing Performance
In this section, we examine whether drawing performance
was enhanced by EWoEs (H1). Figure 4 presents the compar-
ison of drawing performance across conditions. A one-way
between-participants ANOVA revealed a significant effect of
condition, 𝐹 (2, 81) = 10.65, 𝑝 < .001, 𝜂2

𝑝 = .21. Multiple
comparisons using Shaffer’s method indicated that drawing
performance in the EWoEs condition was significantly higher
than that in both the control condition and the WoEs condition
(𝑝 < .001; 𝑝 = .030). In addition, drawing performance in
the WoEs condition was significantly higher than that in the
control condition (𝑝 = .025). Although gain scores indicate
changes in the amount of learning, they do not directly reflect
qualitative changes in learning content, such as the extent
to which learners can provide integrative explanations across
attributional dimensions. Therefore, we also calculated the
median scores of drawing performance for the ICM and CCM
to interpret qualitative changes in learning content. Because
this scale is an ordinal scale ranging from 1 to 5, medians
were used as representative values. In the WoEs condition,
the median ICM score was 1.00, and the median CCM score
was 2.00, suggesting an expansion of knowledge representa-
tions from one-dimensional explanations to two-dimensional
explanations. In the EWoEs condition, the median ICM score

Figure 5: Difference graph between WoEs (grey) and EWoEs
(black).

was 1.00 and the median CCM score was 3.00, suggesting
that learners progressed from one-dimensional explanations
to explanations incorporating all three dimensions. Thus, in
both the WoEs and EWoEs, knowledge representations were
reconstructed into more multidimensional forms through col-
laborative learning. Overall, these results support H1.

Collaborative Learning Process
In this section, we examine whether EWoEs elicit deeper col-
laborative learning processes (H2) and whether such deeper
collaborative processes are associated with knowledge elabo-
ration (H3). Figure 5 illustrates the difference graph between
the WoEs (gray) and EWoEs (black). Differences between
the WoEs and EWoEs conditions were analyzed using rENA.
Along the X-axis, a significant difference was observed be-
tween the EWoEs condition (mean = 0.27) and the WoEs con-
dition (mean =−0.30), whereas no difference was found along
the Y-axis (𝑡 (48.09) = −7.03, 𝑝 < .001, Cohen’s 𝑑 = −1.94;
𝑡 (44.97) = 0.00, 𝑝 = 1.00, Cohen’s 𝑑 = 0.00). The WoEs
condition exhibited stronger connection strengths among Ac-
tive utterances and between Active and Interactive utterances.
In contrast, the EWoEs condition showed stronger connection
strengths among Constructive and Interactive utterances.

We further examined the relationship between drawing
performance and the MR1 and SVD2 dimensions in the
ENA space. The results indicated that higher MR1 val-
ues were associated with improved drawing performance
(𝛽 = 1.45, 𝑆𝐸 = 0.49, 𝑡 = 2.97, 𝑝 = .005). In contrast,
no significant association was found for the SVD2 dimension
(𝛽 = 0.34, 𝑆𝐸 = 0.69, 𝑡 = 0.49, 𝑝 = .624). These findings
suggest that EWoEs promote the co-occurrence of Construc-
tive and Interactive modes, which in turn facilitates drawing
performance. Accordingly, EWoEs were shown to enhance
Constructive and Interactive modes and to be associated with
the elaboration of learners’ knowledge structures.
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Discussion
This study investigated the effects of EWoEs in collaborative
learning using concept maps. In the following, we discuss
whether EWoEs facilitate learners’ understanding (RQ1) and
how they influence collaborative learning processes (RQ2).

Effects of EWoEs on Understanding
In this section, we discuss whether EWoEs facilitate learners’
understanding (RQ1). The results for drawing performance
showed that the EWoEs condition yielded higher performance
than both the control and WoEs conditions. In addition, draw-
ing performance in the WoEs condition was higher than in the
control condition (Figure 4). These findings are consistent
with prior research demonstrating that reducing extraneous
cognitive load facilitates understanding (Sweller, 1988), as
well as with evidence that examining misconceptions induces
cognitive conflict (Posner et al., 1982), which in turn facili-
tates knowledge elaboration (Schraw, 2006).

Taken together, this study has theoretical significance in
demonstrating that EWoEs make a substantial contribution to
the elaboration of learners’ knowledge structures. Whereas
prior research has primarily relied on test-based performance
measures, the present study provides a novel perspective by
capturing the effects of EWoEs in terms of changes in knowl-
edge structure through drawing performance.

Effects of EWoEs on Collaborative Learning
Processes
In this section, we discuss how EWoEs influence collabora-
tive learning processes (RQ2). The results showed that the
WoEs condition exhibited stronger co-occurrences between
Active and Constructive modes, whereas the EWoEs condi-
tion exhibited stronger co-occurrences between Constructive
and Interactive modes (Figure 5). Furthermore, higher MR1
values in the ENA space were associated with improved draw-
ing performance, whereas no such relationship was found for
the SVD2 dimension. These findings indicate that EWoEs
promote the co-occurrence of Constructive and Interactive
modes, which in turn facilitates drawing performance.

From the perspective of the ICAP framework (Chi & Wylie,
2014), these results indicate that EWoEs guided learners to-
ward deeper collaborative learning processes. In the EWoEs
condition, learners were required to identify the sources of
misconceptions and to evaluate and revise their validity, which
led them beyond mere reproduction to explaining and reason-
ing about why an answer was incorrect (Durkin & Rittle-
Johnson, 2012). Through this process, learners updated their
understanding by considering their peers’ feedback, thereby
promoting Interactive mode. Indeed, in the EWoEs condition,
utterances such as “Lack of support doesn’t seem right” and
interpretive revisions like “Because it cannot be controlled by
anyone, it might be related to inferiority feelings” were ob-
served, indicating deep meaningful discussions among learn-
ers. Accordingly, EWoEs are suggested to increase both Con-
structive and Interactive modes.

Previous research has indicated that when novices learn
new concepts, misconceptions tend to interfere with learn-
ing, making it difficult to achieve conceptual understanding
(Chi, 2005). In particular, because novices often lack suf-
ficiently developed metacognitive abilities to appropriately
monitor and revise their own misconceptions, such miscon-
ceptions are likely to persist throughout the learning process
(Schraw, 2006). Although prior studies have suggested that
learning from errors is more effective for more advanced
learners, the results of the present study indicate that, when
embedded in collaborative learning and adaptively tailored
to learners’ knowledge states, even novices can benefit from
EWoEs. Specifically, such adaptive presentation promotes the
externalization of individual ideas (Constructive) and discus-
sions with others (Interactive), thereby leading to enhanced
knowledge elaboration. These findings suggest that the adap-
tive presentation of EWoEs in collaborative learning contexts
effectively supports novices’ learning from errors.

Taken together, this study provides empirical evidence that
EWoEs trigger Constructive and Interactive modes by lever-
aging misconceptions and that the co-occurrence of these pro-
cesses facilitates knowledge elaboration.

Limitations and Future Work
This study has several limitations. First, the WoEs and EWoEs
were generated from pre-modeled, prototypical misconcep-
tions and were not fully adaptive to individual learners’ under-
standing, which may have constrained support for misconcep-
tion revision. Second, this study focused on understanding and
knowledge structure elaboration, and did not examine deeper
learning outcomes such as transfer or long-term retention.

Future research should address these limitations by develop-
ing more fine-grained adaptive mechanisms that dynamically
diagnose learners’ misconceptions and tailor support accord-
ingly. In addition, future studies should examine the effects
of EWoEs on transfer and retention across diverse domains,
tasks, group sizes, and learning environments. Finally, fu-
ture work should use ACT-R–based simulations to clarify the
cognitive mechanisms underlying learning from errors.

Conclusion
This study examined the effects of EWoEs in learning contexts
using concept maps, employing an ACT-R–based knowledge
generation model for adaptive example presentation. The re-
sults showed that the EWoEs condition yielded higher draw-
ing performance than WoEs conditions, and that the WoEs
condition also outperformed the control condition. In addi-
tion, EWoEs promoted the co-occurrence of Constructive and
Interactive modes, and this co-occurrence was found to be
associated with improved drawing performance. These find-
ings suggest that EWoEs trigger Constructive and Interactive
modes by introducing misconceptions, thereby contributing to
the refinement of learners’ knowledge structures. Future re-
search should further investigate the effectiveness of EWoEs
by incorporating transfer performance as an outcome measure.
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