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Abstract 

Background: Constructivism theory has suggested that constructing students’ own meaning is essential to suc-
cessful learning. The erroneous example can easily trigger learners’ confusion and metacognition, which may “force” 
students to process the learning material and construct meaning deeply. However, some learners exhibit a low level 
of elaboration activity and spend little time on each example. Providing instructional scaffolding and elaboration 
training may be an efficient method for addressing this issue. The current study conducted a randomized controlled 
trial to examine the effectiveness of erroneous example elaboration training on learning outcomes and the mediating 
effects of metacognitive load for Chinese students in medical statistics during the COVID-19 pandemic.

Methods: Ninety-one third-year undergraduate medical students were randomly assigned to the training group 
(n = 47) and the control group (n = 44). Prerequisite course performance and learning motivation were collected as 
covariates. The mid-term exam and final exam were viewed as posttest and delayed-test to make sure the robust-
ness of the training effect. The metacognitive load was measured as a mediating variable to explain the relationship 
between the training and academic performance.

Results: The training significantly improved both posttest and delayed-test performance compared with no train-
ing (Fposttest = 26.65, p < 0.001, Partial η2 = 0.23; Fdelayed test = 38.03, p < 0.001, Partial η2 = 0.30). The variation trend in 
metacognitive load in the two groups was significantly different (F = 2.24, p < 0.05, partial η2 = 0.20), but metacogni-
tive load could not explain the positive association between the treatment and academic performance (β = − 0.06, 
se = 0.24, 95% CI − 0.57 to 0.43).

Conclusions: Erroneous example learning and metacognitive demonstrations are effective for academic perfor-
mance in the domain of medical statistics, but their underlying mechanism merits further study.
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Introduction
Medical statistics is a compulsory course for medical 
students at all grade levels in China. It mainly focuses 
on summarizing, collecting, presenting, and interpret-
ing medical practice data and using them to estimate 
the magnitude of associations and to test hypotheses. To 
learn medical statistics well, students should recall the 
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content of textbooks and fully understand the princi-
ples of statistics, construct their knowledge framework, 
and internalize what they have learned based on their 
own experience and insights [1]. Constructivism believes 
that learning is not a process of passive absorption, 
repeated practice and memory strengthening but rather 
a process of actively constructing meaning through an 
individual-environmental interaction (i.e., assimila-
tion and accommodation) based on the existing knowl-
edge and experience of the students [2]. Understanding 
learning material and constructing students’ own mean-
ing are vital to statistical learning or the learning of any 
other discipline. Elaboration processes are essential for 
meaningful learning since they allow learners to organ-
ize knowledge into a coherent structure and integrate 
new information with existing knowledge structures [3]. 
Students do not come to class as “empty vessels” wait-
ing to be filled but instead approach learning material 
with significant prior knowledge. They need to interpret 
the new material in terms of their knowledge [1]. Thus, 
the instructional design of medical statistics should be 
improved by helping students construct their own mean-
ing for what they are learning.

Worked‑out example learning
Existing studies have suggested that the worked-out 
example is an efficient and effective instructional tool [4]. 
The worked-out example (i.e., consisting of a problem 
formulation, solution steps, and the final solution) has 
proven successful in various domains. Cognitive science 
suggests that seeing worked-out problems first makes the 
task easier and leads to greater understanding in less time 
[5]. Worked-out examples are problems that are com-
pletely worked out, showing all the steps of a solution. 
Using self-explanation, students decide why those steps 
are correct. Furthermore, when students can explain to 
themselves about why and how the correct answer is 
obtained, they gain a greater mental image of the process 
in different problem situations [6]. Cognitive psychol-
ogy provides evidence that using worked-out examples 
and delaying actual problem-solving practice benefits 
novice learners [7]. For instance, in an introductory sta-
tistics class, students who studied worked-out problems 
demonstrated better academic performance on differ-
ent statistical concepts [8]. Additionally, learners’ active 
self-explanations of worked-out examples lead not only 
to enhanced near transfer but also to better far transfer 
[9]. This shows that the worked-out example plays a vital 
role in learning transfer. Without worked-out examples, 
students do not understand formulas properly and thus 
cannot apply them.

However, the adoption of a worked-out example is no 
panacea. The benefits that learners can obtain from it are 

not as significant as we thought. There is evidence that 
worked-out examples may be more suitable for novice 
learners [10]. The theoretical basis behind this is that 
in worked-out examples, learners will be more inclined 
to perform shallow processing, making it challenging 
to conduct deep learning and elaborate [11]. The extent 
to which learners benefit from the worked-out example 
depends heavily on how well they explain the solutions 
of the example to themselves [12]. Worked-out examples 
also vary in effectiveness depending on learner charac-
teristics (especially prior knowledge) and on the learning 
outcomes considered [13]. Researchers have found that 
many learners are passive or superficial explainers; they 
exhibit a low level of elaboration activity and spend little 
time on each worked-out example. Passive and superfi-
cial example elaboration spontaneously occurred more 
frequently than deep elaboration [14]. This is probably 
because the solution steps and the final solution have 
already been provided to the students, which may eas-
ily give them the illusion of understanding. Namely, the 
given steps and correct answers may be detrimental to 
students’ metacognitive monitoring and further affect 
learning outcomes.

Erroneous example learning
Why do we not provide students with an erroneous 
example to learn from instead of a correct example? An 
erroneous example is a worked example that incorpo-
rates at least one incorrect solution step [15]. It contains 
a common, well-documented misconception in a par-
ticular domain, a few self-explanation prompts/hints, 
and the correct solution [16]. These components form a 
scaffolding so that learners can identify errors, correct 
the erroneous problem-solving steps, and better use their 
abilities to generate solutions and solve problems cor-
rectly [17]. Experienced teachers can determine which 
parts of the learning material are prone to mistakes and 
can then compile erroneous examples, allowing students 
to see these examples, find the mistakes, and explain and 
correct them [18]. In this way, erroneous examples push 
students to further deepen their understanding of the 
content, help learners consolidate the concepts, methods, 
and skills they have learned, and improve learners’ prob-
lem-solving and application abilities [19]. In addition, 
these examples can easily trigger learners’ confusion, 
which has been proven to precede successful learning 
[20] because states of uncertainty and confusion may 
“force” students to deeply process the learning material. 
Learners are consistently assimilating new information 
into their prior knowledge during the complex learning 
task. Deep learning occurs when there is a discrepancy 
in the information stream, and the discrepancy is iden-
tified and corrected [21]. As the discrepancy-reduction 
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model suggests, learners will allocate more study time to 
difficult learning items (i.e., larger discrepancy between 
the current perceived state and the learning goal) than 
easier ones [22]. However, confusion must be effectively 
resolved by the learner, as unresolved confusion may 
have adverse consequences for learning [21].

Although some researchers worry that studying erro-
neous examples might appear to risk reinforcing stu-
dents’ misconceptions or introducing an inaccurate 
understanding, exploring students’ errors can play a criti-
cal pedagogical role in teaching discussions [23]. There is 
evidence that the hypothetical errors of others can foster 
reflection, helping students recognize and correct errors 
in their own work [20]. This result seems to contradict 
the belief that showing students incorrect examples 
may reinforce existing misconceptions or introduce new 
errors, especially when the teaching materials identify 
the errors in the examples.

Metacognitive load and elaboration
Similar to learning worked-out examples, students need 
to be prompted to identify, explain, and correct the errors 
during erroneous example learning, which requires a 
high level of metacognitive monitoring and regulation. 
According to cognitive load theory (CLT), when learners 
invest effort in the construction and storage of schemata 
(e.g., in the process of erroneous example elaboration), 
they undertake a high level of germane cognitive load 
(i.e., the load imposed by cognitive processes directly rel-
evant for learning) [24]. However, they also need to invest 
effort in monitoring this learning activity, which was 
called “metacognitive load” by Valcke [25]. Schwonke [26] 
believes that metacognitive load may be directly related 
to learning activities and learners’ interaction. In the pro-
cess of learning erroneous examples, students have to 
consistently monitor the discrepancy between the learn-
ing materials (i.e., erroneous examples) and their prior 
knowledge, and then they regulate their understanding/
knowledge structure. Therefore, in the present study, 
students’ metacognitive load can be used as a potential 
mediating variable to explain the impact of erroneous 
examples on learning outcomes. Of course, erroneous 
example learning may be subject to passive or superfi-
cial explanations as well, and many students benefit less 
from this learning method [12]. According to instruc-
tional scaffolding theory and constructivist theory, when 
students cannot use certain knowledge and skills on their 
own, they can acquire new knowledge and skills through 
interaction with teachers [27]. Thus, a training proce-
dure that aims to improve elaboration quality (especially 
metacognitive load) could be implemented. The instruc-
tors would act as a model and demonstrate metacognitive 
elaboration (e.g., self-explanation prompts, think aloud) 

utilizing a simple erroneous example. Then, the students 
would apply the elaboration behaviors demonstrated by 
the model. In this activity, teachers guide the teaching 
and enable students to master, construct, and internalize 
the behavior refined by the model to perform higher-level 
metacognitive activities and to increase the metacogni-
tive load of students. The ultimate goal is to transfer the 
responsibility of a learning item to the student through 
scaffolding (i.e., elaboration training), while support fades 
over time [28]. We designed learning materials and elab-
oration training procedures based on previous research 
[13] and anticipated that the students who received the 
training would exhibit a higher metacognitive load and 
achieve better academic performance.

Based on the literature mentioned above, the present 
study explored the effectiveness of erroneous example 
elaboration on Chinese students’ learning in medical 
statistics and the mediating effect of metacognitive load. 
The state of metacognitive load was examined across dif-
ferent conditions (i.e., without elaboration training vs. 
with elaboration training) over time. We proposed the 
following hypotheses:

1. The posttest performance of the experimental group 
(i.e., erroneous example learning with elaboration 
training) would be significantly higher than that of 
the control group.

2. The academic performance of the control group 
would decrease significantly from posttest to delayed 
test after retreating the erroneous example learning, 
whereas this difference would not be found in the 
experimental group.

3. The metacognitive load would explain the higher 
performance of the experimental group. Namely, the 
mediating effect of metacognitive load on the rela-
tionship between erroneous example learning and 
academic performance would be significant.

Methods
Participants and design
Ninety-one third-year undergraduate medical students 
were enrolled in a medical statistics course. Because of 
the impact of COVID-19, this course was divided into 
two parts. All students received medical statistics (Part 1) 
online from March 2020 to July 2020. After the COVID-
19 situation alleviated in China, they returned to school 
and continued to learn medical statistics (Part 2) from 
September 2020 to January 2021. Ethics approval was 
granted by the West China hospital Sichuan University 
Institutional Human Research Ethics Committees (Veri-
fied in 2019 - No. 489). All students gave their informed 
consent before study inclusion.
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Medical statistics is a compulsory course for the par-
ticipants. Its content includes types of data, descrip-
tive statistics for categorical data and continuous data, 
probability distributions, parameter estimation, hypoth-
esis testing for categorical data and continuous data (e.g., 
t-test, ANOVA, ANCOVA, and Mann–Whitney U test), 
measures of association (e.g., Pearson’s correlation coeffi-
cient), clustering analysis, simple linear regression, multi-
ple regression analysis, data visualization, and application 
of statistical software (SPSS). Medical statistics (Part 2) 
mainly focuses on the content beyond hypothesis testing 
for categorical data. The course schedule consisted of 16 
classes (once per week), and each class lasted 90 minutes.

Forty-four students were randomly assigned to the 
control group, in which the students were given a series 
of erroneous example items to engage in self-reflection 
(i.e., elaboration without training) in the in-class exer-
cise section. After the students received their erroneous 
example items, the instructors demonstrated one or two 
worked-out examples on the blackboard (different from 
the erroneous example students received) relevant to the 
knowledge component of a given course. This procedure 
ensured that the two groups received instructors’ guid-
ance before the students explained the erroneous exam-
ples themselves. The intervention group included 47 
students who were also asked to study erroneous exam-
ples in the coursework section. However, the instructors 
would act as a model and demonstrate metacognitive 
elaboration (e.g., self-explanation prompts, think aloud) 
utilizing a simple erroneous example before the students 
attempted self-explanations themselves. Then, the stu-
dents applied the elaboration behaviors demonstrated by 
the model.

Erroneous examples
As shown in Fig.  1, each erroneous example item com-
prised four parts: question, incorrect answer, explana-
tion of the error, and the student’s answer. Students were 
informed that the solution was incorrect, and they were 
asked to study these materials and explain the error. 
Incorrect solutions often contain one or more common 
misconceptions relevant to a specific knowledge compo-
nent. Students needed to respond to a multiple-choice 
question where they explained the hypothetical student’s 
error. This kind of question was designed to encourage 
self-explanation. Instructors provided feedback if the stu-
dents had any questions.

Measures
Prerequisite course performance
Medical statistics (Part 1) was considered a prerequisite 
course and included in the model as one of the covariates.

Learning motivation
We designed 11 items to assess students’ learning interest 
in the course as one of the covariates. Some of the learn-
ing interest items were adapted from Marsh et  al.’s aca-
demic interest scale [29]. The items were “I enjoy working 
on statistical problems”, “Medical statistics is one of 
the things that is important to me personally”, “I would 
even give up some of my spare time to learn new topics 
in medical statistics”, and “When I’m working on medi-
cal statistical problems, time sometimes seems to fly by”. 
The internal consistency of the learning interest scale was 
0.73.

Metacognitive load
Participants’ subjective mental effort during in-class 
exercises (i.e., erroneous example learning) was assessed 
on a 5-point Likert scale. It was recorded 10 times (once 
per week). After each in-class exercise, the participants 
scored the amount of mental effort they expended in 
monitoring/regulating their cognition/explanation/
understanding of the erroneous examples. We used this 
kind of self-rating measurement because it has been 
demonstrated that people are quite capable of giving a 
reasonably accurate numerical indication of their per-
ceived mental burden [30]. Studies have also shown that 
reliable measures can be obtained with a unidimensional 
scale, are sensitive to relatively small differences in cogni-
tive load and are valid, reliable, and unintrusive [31].

Tests
To evaluate the effects of erroneous example elaboration 
with training, we recorded the participants’ mid-term 
and final exam scores. All participants received errone-
ous example learning until the mid-term exam. Thereaf-
ter, erroneous example learning was not included in the 
curriculum. Thus, the prerequisite course performance, 
mid-term exam, and final exam were considered the pre-
test, posttest, and delayed test, respectively.

Procedures
At the beginning of the semester, we required all students 
to complete the learning interest scale, and their medical 
statistics (Part 1) performance was recorded as a pretest 
score. Before the mid-term exam, they learned erroneous 
examples during in-class exercises (once per week) for 
10 weeks. In each week of erroneous example learning, 
students evaluated their metacognitive load as related to 
understanding or explaining the examples.

Forty-four students were randomly assigned to the con-
trol group (i.e., elaboration without training), and 47 stu-
dents were randomly assigned to the experimental group 
(i.e., elaboration with training). The two groups shared 
the same instructor team, learning materials, classroom, 
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and schedule except for the erroneous example learning 
method. After learning for 10 weeks, all students partici-
pated in the mid-term exam (considered posttest) and 
continued to learn the remaining chapters (but without 
erroneous example learning). At the end of the semes-
ter, the final exam score was considered the delayed test 
score.

Data analysis
First, an unpaired t-test was used to examine the differ-
ences in baseline scores (i.e., learning motivation and pre-
requisite course performance) between the two groups. 
Second, one-way ANCOVA was conducted to test the 
significant differences in the outcomes between the 
two groups using prerequisite course performance and 
learning motivation as covariates. Third, we conducted 

Fig. 1 Example of an erroneous example learning item
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a paired-sample t-test to examine the robustness of the 
effect of elaboration training (i.e., the difference between 
the posttest and delayed-test for each group). Fourth, 
repeated-measures ANOVA was chosen to test whether 
the metacognitive load significantly changed as students 
worked through erroneous examples. Fifth, the mediat-
ing effect of metacognitive load was examined by set-
ting the group (i.e., control vs. experimental group) as 
the independent variable, posttest performance as the 
dependent variable, and prerequisite course performance 
and learning motivation as covariates. All data analysis 
and data cleansing procedures were conducted by using 
SPSS 20.0 and the PROCESS macro for SPSS [32].

Results
As shown in Table 1, the prerequisite course performance 
and learning motivation were equivalent between the two 
groups.

Table  2 presents the results of one-way ANCOVA. 
We considered learning motivation and prerequisite 
course performance as covariates. The results showed 
that erroneous example elaboration training significantly 
enhanced academic performance (i.e., mid-term exam 
and final exam scores). The participants in the experi-
mental group reported a significantly higher metacogni-
tive load than those in the control group.

We conducted a paired-sample t-test to examine the 
robustness of the effect of elaboration training (See 
Table 3). After retreating with erroneous example learn-
ing, the academic performance of the control group 
declined significantly from the mid-term exam to the 
final exam but with a relatively small effect size (Cohen’s 
d = 0.48). In the experimental group, a significant differ-
ence in academic performance between the mid-term 
exam and the final exam was not found, suggesting that 
the effect of erroneous example elaboration training was 
robust.

Repeated measures ANOVA was performed with 
metacognitive load as the within-subject factor, group as 
the between-subject factor, and learning motivation and 
prerequisite course performance as covariates. We found 
that both the main effect of the group (F = 2.77, p < 0.01, 
partial η2 = 0.24) and the interaction effect between 
metacognitive load and the group were significant 
(F = 2.24, p < 0.05, partial η2 = 0.20), indicating that the 
variation trend in the two groups was significantly differ-
ent. This was especially apparent after the fourth round 
(see Fig. 2), where the metacognitive load of the experi-
mental group was much higher than that of the control 
group.

The mediation analysis results (Model 4 in the PRO-
CESS macro) showed that the indirect effect of the group 

Table 1 The baseline scores of the learning motivation and prerequisite course performance (Independent sample t-test)

Outcomes Elaboration without 
training (n = 44)

Elaboration with training 
(n = 47)

t p Cohen’s d

Learning motivation 28.70 (4.92) 29.77 (4.08) 1.12 0.27 0.24

Prerequisite course performance 72.89 (5.53) 73.17 (5.80) 0.24 0.81 0.05

Table 2 The effects of elaboration training on outcome variables (Learning motivation and prerequisite course performance were 
controlled as covariates)

Note: *p < 0.05, ***p < 0.001

Outcomes Elaboration without 
training (n = 44)

Elaboration with training 
(n = 47)

F p Partial η2

Meta-cognitive load (Mental effort) 27.82 (4.99) 30.34 (4.23) 5.74 0.02* 0.06

Mid-term exam score 74.25 (3.72) 78.02 (3.16) 26.65 0.00*** 0.23

Final exam score (Delayed test) 72.52 (3.53) 77.49 (3.87) 38.03 0.00*** 0.30

Table 3 The robustness of elaboration training effect from mid-term to the end of term

Note: ***p <0.001

Mid‑term exam score Final exam score (i.e., delayed 
test)

t p Cohen’s d

Elaboration without 
training (n = 44)

74.25 (3.72) 72.52 (3.53) 4.48 0.00*** 0.48

Elaboration with training 
(n = 47)

78.02 (3.16) 77.49 (3.87) 1.12 0.27 0.15
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on posttest performance was not significant (β = − 0.06, 
se = 0.24, 95% CI − 0.57 to 0.43), indicating that the 
mediating effect of metacognitive load was not found.

Discussion
This study examined the effectiveness of erroneous exam-
ple elaboration training on Chinese students’ learning 
outcomes in the domain of medical statistics. Metacogni-
tive load was regarded as a possible mechanism to explain 
the positive effect of erroneous example elaboration 
training on academic performance. The main findings 
are as follows: 1). Erroneous example elaboration train-
ing significantly improved both posttest and delayed-test 
performance compared with no training; 2). The effect of 
treatment was robust; 3). The variation trend in metacog-
nitive load between the two groups was significantly dif-
ferent; the metacognitive load of the experimental group 
was much higher than that of the control group after the 
fourth round; and 4). The mediating effect of metacogni-
tive load on the association between group and academic 
performance was not found.

Elaboration training and erroneous examples learning
As anticipated, learners in the experimental group exhib-
ited higher posttest and delayed-test performance than 
those in the control group. Additionally, the academic 
performance of the control group decreased significantly 
from the posttest to the delayed test after retreating 
with erroneous example learning, whereas this signifi-
cant difference was not found in the experimental group, 

suggesting the robustness of the treatment effect. Con-
sistent with our results, Stark et  al. [33] implemented 
short elaboration training for apprentices of a bank who 
studied worked-out examples and found that participants 
with elaboration training exhibited both deeper elabora-
tion and active metacognitive elaboration. The enhanced 
elaboration activities further improve learning outcomes.

In the experimental group of the present study, stu-
dents were provided not only with well-designed errone-
ous examples but also with instructors’ demonstrations. 
The instructor modeled how to set subgoals (i.e., plan-
ning) and think aloud (i.e., monitoring) and provide self-
explanation prompts (i.e., monitoring and evaluation) 
and self-regulation (i.e., regulation). These metacogni-
tive components were presented to the students but not 
to controls as a well-structured “package”. Students in 
the experimental group were more likely to achieve bet-
ter performance than with learning erroneous examples 
alone, even with instructors providing feedback when 
required. After retreating with erroneous example learn-
ing (i.e., from week 10 to week 16), students in the two 
groups received the same instructional procedures, but 
the academic performance of the control group signifi-
cantly declined. It is likely that since students without 
elaboration training or demonstrations had more passive 
and shallow elaboration activities, they did not form a 
solid knowledge structure during the first 10 weeks. The 
performance of the experimental group decreased as well 
but did not reach significance, possibly because the final 
exam covered more content than the mid-term exam.

Fig. 2 The change of metacognitive load in two groups during the erroneous example learning
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In addition, erroneous example learning seems to 
improve students’ grades because both groups’ mid-term 
exam and final exam scores were higher than those of 
medical statistics (Part 1). This result is consistent with 
those of previous studies. For example, Zhang found 
that in medical diagnostic knowledge learning, errone-
ous examples significantly improved the diagnostic abil-
ity of medical students [19]. Researchers have found that 
learners can deepen their understanding and application 
of knowledge in the process of interpreting correct and 
incorrect information [34]. Moreover, feedback can pro-
mote student learning [35]. The instructional design of 
erroneous example learning in both groups of the current 
study included immediate feedback provided by instruc-
tors; most students’ confusion could be resolved in a 
timely manner rather than remaining stuck in the stu-
dents’ knowledge structure. Through feedback, learners 
can know whether they corrected the erroneous exam-
ple themselves the very first time they interpreted it. It 
is helpful for students to grasp, understand and consoli-
date correct knowledge in a timely manner [18]. Metcalfe 
reviewed behavioral and neurological research and found 
that mistakes can greatly facilitate new learning [36]. 
Partially because the state of confusion focuses students’ 
attention on discrepancies, it signals a need to initiate 
intensive deliberation and problem-solving processes. It 
also influences knowledge restructuring when impasse 
resolution or misconception correction leads to the reor-
ganization of an incomplete or faulty mental model [21]. 
Richey et al. also suggested that students learn more from 
erroneous examples than from the problem-solving con-
dition in an intelligent tutoring system [13]. Erroneous 
examples enhance the memory and generation of correct 
answers in the future, promote active learning, arouse 
learners’ attention, and inform learners of error-prone 
knowledge points [36]. Thus, teachers should be encour-
aged to be open to mistakes and actively use erroneous 
example learning in instructional design to facilitate stu-
dents’ learning.

Metacognitive load is not the underlying mechanism
We initially expected that the difference in metacogni-
tive load between the two groups may explain the higher 
academic performance of the experimental group. How-
ever, there was no mediating effect of metacognitive load 
on the association between group and academic perfor-
mance. We found that the metacognitive load trajecto-
ries of the two groups were significantly different. After 
the fourth round, the metacognitive load of the experi-
mental group was much higher than that of the con-
trol group. Namely, students in the experimental group 
invested more mental effort in monitoring/regulating 
their cognition of the erroneous examples. Perhaps the 

demonstration given by the instructors in the experimen-
tal group was more likely to elicit students’ metacognitive 
load than those in the control group. Although meta-
cognition increased, this mental effort does not seem 
to translate into academic performance. First, this find-
ing might be because the complex learning material (i.e., 
erroneous examples) and demonstration in the experi-
mental group pose vast cognitive and metacognitive 
demands on students. All these demands compete for 
limited mental resources. They may sometimes be ben-
eficial, sometimes neutral, and occasionally detrimental 
to learning [26]. In the present study, these metacognitive 
demands on students exhibited neutral learning. Second, 
perhaps metacognitive knowledge/beliefs and the regula-
tion/control of cognitive actions are more predictive than 
metacognitive load. Metacognitive load was assessed by a 
self-report scale, which is highly questionable as a source 
of data because people have no direct access to their 
mental processes [37]. In summary, erroneous example 
learning and metacognitive demonstration are effective 
for improving academic performance, but the underlying 
mechanism deserves further study.

Limitations and future studies
Some limitations of the present study should be noted. 
First, we did not measure metacognitive knowledge/
beliefs and regulation, which may be an important psy-
chological mechanism. Second, use of the self-report 
scale to measure metacognitive load is questionable. 
Fine-grained data such as think-aloud data or log files in 
an intelligent tutoring system are more feasible. Third, 
the sample size in each group was relatively small; thus, 
we may not have acquired enough statistical power and 
may have further influenced the robustness of the cur-
rent study results. Finally, our study did not design a 
group that used the worked-out example. The results of 
the current study may not be able to effectively prove that 
the effect of erroneous example learning is better than 
that of worked-out example learning.

Despite these limitations, our research still provides 
empirical evidence of applying erroneous example learn-
ing methods in medical statistics, proving that erroneous 
example elaboration training is an effective instructional 
design. Future research can refine the specific training 
process on this basis to improve training effectiveness 
and to develop effective long-term strategies, such as pre-
senting both erroneous examples and worked-out exam-
ples in the same workbook and conducting a step-by-step 
problem-solving exercise. Simply exposing students to 
incorrect examples may not be enough to improve learn-
ing, as students may not understand what makes the 
error wrong [38]. Thus, it may be necessary for students 
to have sufficient scaffolds when learning from erroneous 
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examples, especially if they do not have prior in-depth 
knowledge [39, 40]. Second, future research should 
include a control group that uses worked-out examples 
and elaboration training to compare the learning effects 
of the two examples (i.e., worked-out example vs. erro-
neous example), refute the deficiencies of the errone-
ous example, and further explore the advantages of the 
erroneous example in the field of learning. Third, future 
studies could collect qualitative data such as survey com-
ments and interviews to further examine learners’ meta-
cognitive load. The application of erroneous examples to 
multiple disciplines and fields to improve the generaliz-
ability of its learning effects is also a promising direc-
tion. As Metcalfe [36] wrote, an unwarranted reluctance 
to engage with errors may have held back our education. 
Encouraging educators and students to be open to mis-
takes is an important step to facilitate learning.

Acknowledgements
The authors thank all the students who participated in the study.

Authors’ contributions
JL and CW contributed to the study conception and design. Material 
preparation, data collection and analysis were performed by HL, YX, XW, FX, 
and JW. The first draft of the manuscript was written by CW and all authors 
commented on previous versions of the manuscript. All authors read and 
approved the final manuscript.

Funding
This study was supported by Institute of Psychology, Chinese Academy of 
Sciences (No. GJ202011) and the Medical Research Fund of Shanghai Xuhui 
District Science and Technology Commission and Health Commission 
(SHXH202037).

Availability of data and materials
The datasets generated and analyzed during the current study are not pub-
licly available due to ethical and privacy considerations but are available from 
the corresponding author on reasonable request.

Declarations

Ethics approval and consent of participate
Ethics approval was granted by the West China Hospital Sichuan University 
Institutional Human Research Ethics Committees (Verified in 2019 - No. 489). 
The research was carried out in accordance with the Helsinki Declaration. All 
participants gave their informed consent before study inclusion.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no conflict of interest.

Author details
1 Department of Integrated Traditional and Western Medicine, West China 
Hospital, Sichuan University, Chengdu, China. 2 College of Psychology, Sichuan 
Normal University, Chengdu, China. 3 Department of Neurosurgery, West China 
Hospital, Sichuan University, Chengdu, China. 4 Department of Orthodontics, 
Shanghai Xuhui District Dental Disease Prevention and Control Institute, 
Shanghai, China. 5 Department of Oral and Cranio-maxillofacial Surgery, Ninth 
People’s Hospital, Shanghai JiaoTong University School of Medicine, Shanghai, 
China. 6 College of Stomatology, Shanghai Jiao Tong University, Shanghai, 
China. 7 Shanghai Key Laboratory of Stomatology & National Center for Stoma-
tology & National Clinical Research Center for Oral Diseases, Shanghai, China. 

Received: 23 November 2021   Accepted: 11 May 2022

References
 1. Garfield J, Ben-Zvi D. How students learn statistics revisited: a current 

review of research on teaching and learning statistics. Int Stat Rev. 
2007;75:372–96. https:// doi. org/ 10. 1111/j. 1751- 5823. 2007. 00029.x.

 2. Bada SO, Olusegun S. Constructivism learning theory: a paradigm for 
teaching and learning. J Res Method Edu. 2015;5(6):66–70. https:// doi. 
org/ 10. 9790/ 7388- 05616 670.

 3. Kalyuga S. Knowledge elaboration: a cognitive load perspective. Learn 
Instr. 2009;19(5):402–10. https:// doi. org/ 10. 1016/j. learn instr uc. 2009. 02. 
003.

 4. Gog TV, Rummel N, Renkl A. Learning how to solve problems by studying 
examples: Cambridge University Press; 2019. p. 35631. https:// doi. org/ 10. 
1017/ 97811 082.

 5. Hadfield KF. Providing ability to probability: reducing cognitive load 
through worked-out examples. Teach Stat. 2021;43(1):28–35. https:// doi. 
org/ 10. 1111/ test. 12244.

 6. Chiu JL, Chi MT. Supporting self-explanation in the classroom. In Benassi 
VA, Overson CE, Hakala C.(Ed.), Applying science of learning in education: 
Infusing psychological science into the curriculum. Washington, DC: 
American Psychological Association; 2014. pp. 91-103.

 7. Atkinson RK. Learning from examples: instructional principles from the 
worked examples research. Rev Edu Res. 2000;70(2):181–214. https:// doi. 
org/ 10. 3102/ 00346 54307 00021 81.

 8. Brisbin A. Reading versus doing: methods of teaching problem-solving in 
introductory statistics. J Stat Educ. 2019;27(3):154–70. https:// doi. org/ 10. 
1080/ 10691 898. 2019. 16378 01.

 9. Atkinson RK. Transitioning from studying examples to solving prob-
lems: combining fadijig with prompting foster learning. J Ed Psychol. 
2003;95:774–83. https:// doi. org/ 10. 1037/ 0022- 0663. 95.4. 774.

 10. Renkl A, Atkinson RK. Learning from worked-out examples and problem 
solving. In: Plass JL, Moreno R, Brünken R, editors. Cognitive load theory: 
Cambridge University Press; 2010. p. 91–108. https:// doi. org/ 10. 1017/ 
CBO97 80511 844744. 007.

 11. Tempelaar DT, Rienties B, Nguyen Q. Individual differences in the prefer-
ence for worked examples: lessons from an application of dispositional 
learning analytics. Appl Cognitive Psych. 2020;34(4):890–905. https:// doi. 
org/ 10. 1002/ acp. 3652.

 12. Renkl A. Worked-out examples: instructional explanations support learn-
ing by self-explanations. Learn Instr. 2002;12:529–56. https:// doi. org/ 10. 
1016/ S0959- 4752(01) 00030-5.

 13. Richey JE, Andres-Bray JML, Mogessie M, Scruggs R, Andres JM, Star 
JR, et al. More confusion and frustration, better learning: the impact of 
erroneous examples. Comput Educ. 2019;139:173–90. https:// doi. org/ 10. 
1016/j. compe du. 2019. 05. 012.

 14. Renkl A. Learning from worked-out examples: a study on individual 
differences. Cognitive Sci. 1997;21:1–29. https:// doi. org/ 10. 1016/ S0364- 
0213(99) 80017-2.

 15. McLaren BM, van Gog T, Ganoe C, Karabinos M, Yaron D. The efficiency of 
worked examples compared to erroneous examples, tutored problem 
solving, and problem solving in computer-based learning environments. 
Comput Human Behav. 2016;55:87–99. https:// doi. org/ 10. 1016/j. chb. 
2015. 08. 038.

 16. McLaren BM, Adams DM, Mayer RE. Delayed learning effects with 
erroneous examples: a study of learning decimals with a web-based 
tutor. Int J Artif Intell Educ. 2015;25(4):520–42. https:// doi. org/ 10. 1007/ 
s40593- 015- 0064-x.

 17. Schmitz FM, Schnabel KP, Stricker D, Fischer MR, Guttormsen S. Learning 
communication from erroneous video-based examples: a double-blind 
randomised controlled trial. Patient Educ Couns. 2017;100(6):1203–12. 
https:// doi. org/ 10. 1016/j. pec. 2017. 01. 016.

 18. Liu D. The influence of erroneous examples and mathematical ability on 
pupils’ learning of four mixed operation rules (Master’s thesis, Ludong 
University); 2018.

 19. Zhang H. Research on erroneous examples learning and its educational 
enlightenment. J Liaoning Inst Educ Admin. 2012;29(06):49–53. https:// 
doi. org/ 10. 13972/j. cnki. cn21- 1500/ g4. 2012. 06. 026.

https://doi.org/10.1111/j.1751-5823.2007.00029.x
https://doi.org/10.9790/7388-05616670
https://doi.org/10.9790/7388-05616670
https://doi.org/10.1016/j.learninstruc.2009.02.003
https://doi.org/10.1016/j.learninstruc.2009.02.003
https://doi.org/10.1017/97811082
https://doi.org/10.1017/97811082
https://doi.org/10.1111/test.12244
https://doi.org/10.1111/test.12244
https://doi.org/10.3102/00346543070002181
https://doi.org/10.3102/00346543070002181
https://doi.org/10.1080/10691898.2019.1637801
https://doi.org/10.1080/10691898.2019.1637801
https://doi.org/10.1037/0022-0663.95.4.774
https://doi.org/10.1017/CBO9780511844744.007
https://doi.org/10.1017/CBO9780511844744.007
https://doi.org/10.1002/acp.3652
https://doi.org/10.1002/acp.3652
https://doi.org/10.1016/S0959-4752(01)00030-5
https://doi.org/10.1016/S0959-4752(01)00030-5
https://doi.org/10.1016/j.compedu.2019.05.012
https://doi.org/10.1016/j.compedu.2019.05.012
https://doi.org/10.1016/S0364-0213(99)80017-2
https://doi.org/10.1016/S0364-0213(99)80017-2
https://doi.org/10.1016/j.chb.2015.08.038
https://doi.org/10.1016/j.chb.2015.08.038
https://doi.org/10.1007/s40593-015-0064-x
https://doi.org/10.1007/s40593-015-0064-x
https://doi.org/10.1016/j.pec.2017.01.016
https://doi.org/10.13972/j.cnki.cn21-1500/g4.2012.06.026
https://doi.org/10.13972/j.cnki.cn21-1500/g4.2012.06.026


Page 10 of 10Wang et al. BMC Medical Education          (2022) 22:469 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 20. Booth JL, Lange KE, Koedinger KR, Newton KJ. Using example problems 
to improve student learning in algebra: differentiating between correct 
and incorrect examples. Learn Instr. 2013;25:24–34. https:// doi. org/ 10. 
1016/j. learn instr uc. 2012. 11. 002.

 21. D’Mello S, Lehman B, Pekrun R, Graesser A. Confusion can be beneficial 
for learning. Learn Instr. 2014;29:153–70. https:// doi. org/ 10. 1016/j. learn 
instr uc. 2012. 05. 003.

 22. Dunlosky J, Ariel R. Self-regulated learning and the allocation of study 
time. Psychol Learn Motiv. 2011;54:103–40. https:// doi. org/ 10. 1016/ B978-
0- 12- 385527- 5. 00004-8.

 23. Rushton SJ. Teaching and learning mathematics through error 
analysis. Fields Math Educ J. 2018;3(1):1–12. https:// doi. org/ 10. 1186/ 
s40928- 018- 0009-y.

 24. Sweller J, Ayres P, Kalyuga S. Cognitive load theory. New York: Springer; 
2011. https:// doi. org/ 10. 1016/ B978-0- 12- 387691- 1. 00002-8.

 25. Valcke M. Cognitive load: updating the theory? Learn Instr. 
2002;12(1):147–54. https:// doi. org/ 10. 1016/ S0959- 4752(01) 00022-6.

 26. Schwonke R. Metacognitive load–useful, or extraneous concept? 
Metacognitive and self-regulatory demands in computer-based learning. 
J Educ Technol Soc. 2015;18(4):172–84 https:// www. JSTOR. ORG/ stable/ 
jeduc techs oci. 18.

 27. Wang J. Exploration of the flipped classroom design strategy under the 
guidance of "scaffolding theory". Teach Res. 2018;03:81–7.

 28. Van de Pol J, Volman M, Beishuizen J. Scaffolding in teacher–student 
interaction: a decade of research. Educ Psychol Rev. 2010;22:271–96. 
https:// doi. org/ 10. 1007/ s10648- 010- 9127-6.

 29. Marsh HW, Trautwein U, Lüdtke O, Köller O, Baumert J. Academic self-
concept, interest, grades, and standardized test scores: reciprocal effects 
models of causal ordering. Child Dev. 2005;76:397–416. https:// doi. org/ 
10. 1111/j. 1467- 8624. 2005. 00853.x.

 30. Gopher D, Braune R. On the psychophysics of workload: why bother with 
subjective measures? Hum Factors. 1984;26(5):519–32. https:// doi. org/ 10. 
1177/ 00187 20884 02600 504.

 31. Paas F, Tuovinen JE, Tabbers H, Van Gerven PW. Cognitive load measure-
ment as a means to advance cognitive load theory. Educ Psychol-US. 
2003;38(1):63–71. https:// doi. org/ 10. 1207/ S1532 6985E P3801_8.

 32. Hayes AF. Introduction to mediation, moderation, and conditional pro-
cess analysis: a regression-based approach. New York: The Guilford Press; 
2013.

 33. Stark R, Mandl H, Gruber H, Renkl A. Conditions and effects of example 
elaboration. Learn Instr. 2002;12:39–60. https:// doi. org/ 10. 1016/ S0959- 
4752(01) 00015-9.

 34. Siegler RS, Chen Z. Differentiation and integration: guiding principles for 
analyzing cognitive change. Dev Sci. 2008;11(4):433–48. https:// doi. org/ 
10. 1111/j. 1467- 7687. 2008. 00689.x.

 35. Wang M, Yang ZK, Liu SY, Cheng HN, Liu Z. Using feedback to improve 
learning: differentiating between correct and erroneous examples. In:  
2015 International Symposium on Educational Technology (ISET): IEEE; 
2015. p. 99–103. https:// doi. org/ 10. 1109/ ISET. 2015. 28.

 36. Metcalfe J. Learning from errors. Annu Rev Psychol. 2017;68:465–89. 
https:// doi. org/ 10. 1146/ annur ev- psych- 010416- 044022.

 37. Nisbett RE, Wilson TD. Telling more than we can know: verbal reports on 
mental processes. Psychol Rev. 1977;84:231–59. https:// doi. org/ 10. 1037/ 
0033- 295X. 84.3. 231.

 38. Stark R, Kopp V, Fischer MR. Case-based learning with worked examples 
in complex domains: two experimental studies in undergraduate medical 
education. Learn Instr. 2011;21:22–33. https:// doi. org/ 10. 1016/j. learn instr 
uc. 2009. 10. 001.

 39. Große CS, Renkl A. Finding and fifixing errors in worked examples: can 
this foster learning outcomes? Learn Instr. 2007;17:612–34. https:// doi. 
org/ 10. 1016/j. learn instr uc. 2007. 09. 008.

 40. Ababsy R. Learning from troubleshooting activities when contrasting 
erroneous examples with worked examples in the physics classroom. 
Phys Educ. 2020;55(5):055024 https:// iopsc ience. iop. org/ artic le/ 10. 1088/ 
1361- 6552/ ab9e1b/ meta.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1016/j.learninstruc.2012.11.002
https://doi.org/10.1016/j.learninstruc.2012.11.002
https://doi.org/10.1016/j.learninstruc.2012.05.003
https://doi.org/10.1016/j.learninstruc.2012.05.003
https://doi.org/10.1016/B978-0-12-385527-5.00004-8
https://doi.org/10.1016/B978-0-12-385527-5.00004-8
https://doi.org/10.1186/s40928-018-0009-y
https://doi.org/10.1186/s40928-018-0009-y
https://doi.org/10.1016/B978-0-12-387691-1.00002-8
https://doi.org/10.1016/S0959-4752(01)00022-6
https://www.jstor.org/stable/jeductechsoci.18
https://www.jstor.org/stable/jeductechsoci.18
https://doi.org/10.1007/s10648-010-9127-6
https://doi.org/10.1111/j.1467-8624.2005.00853.x
https://doi.org/10.1111/j.1467-8624.2005.00853.x
https://doi.org/10.1177/001872088402600504
https://doi.org/10.1177/001872088402600504
https://doi.org/10.1207/S15326985EP3801_8
https://doi.org/10.1016/S0959-4752(01)00015-9
https://doi.org/10.1016/S0959-4752(01)00015-9
https://doi.org/10.1111/j.1467-7687.2008.00689.x
https://doi.org/10.1111/j.1467-7687.2008.00689.x
https://doi.org/10.1109/ISET.2015.28
https://doi.org/10.1146/annurev-psych-010416-044022
https://doi.org/10.1037/0033-295X.84.3.231
https://doi.org/10.1037/0033-295X.84.3.231
https://doi.org/10.1016/j.learninstruc.2009.10.001
https://doi.org/10.1016/j.learninstruc.2009.10.001
https://doi.org/10.1016/j.learninstruc.2007.09.008
https://doi.org/10.1016/j.learninstruc.2007.09.008
https://iopscience.iop.org/article/10.1088/1361-6552/ab9e1b/meta
https://iopscience.iop.org/article/10.1088/1361-6552/ab9e1b/meta

	Learning from errors? The impact of erroneous example elaboration on learning outcomes of medical statistics in Chinese medical students
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Introduction
	Worked-out example learning
	Erroneous example learning
	Metacognitive load and elaboration

	Methods
	Participants and design
	Erroneous examples
	Measures
	Prerequisite course performance
	Learning motivation
	Metacognitive load
	Tests

	Procedures
	Data analysis

	Results
	Discussion
	Elaboration training and erroneous examples learning
	Metacognitive load is not the underlying mechanism
	Limitations and future studies

	Acknowledgements
	References


