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Abstract- Recent studies have pointed out that multimedia learning and cued retrospective reports can enhance students’ 
learning performance, especially when it comes to novices who lack prior knowledge. We thus constructed a multimedia 
learning assistance platform that records and evaluates learners' retrospective reports. To verify that the learners in a junior 
high school had mastered a given topic, an intelligent retrospective report assessment module was applied immediately to 
assess each learner’s retrospective report to determine if the learners’ understanding of the relevant concepts was correct. 
Learners in the experimental group whose understanding of the concepts was adjudged to be incorrect were asked to watch a 
segmented video which included an expert assistance mechanism. In contrast, learners in the control group whose 
understanding of the concepts was adjudged to be incorrect watched the same video again. The pre-test results were selected 
as the covariance to correct the results of the post-test after the ANCOVA, with the results revealing that the experimental 
group performed better than the control group. The experimental results revealed that our proposed multimedia learning 
assistance platform can effectively assist teachers in providing real-time assessment and feedback while enhancing low-
achieving students’ learning performance.  
 
Index Terms- cued retrospective report, short-text auto-marking algorithm, interactive learning environments.  
 
I. INTRODUCTION 
 
Researchers [1] indicated that retrospective reports 
are a verbal reporting procedure where learners 
verbalize their thought processes during task 
performance after finishing the task, based on a cue 
of their performance. Retrospective reports can 
enhance students’ learning performance as well, 
especially for the novices lacking prior knowledge. 
One of the most challenging issues for short-text 
auto-marking algorithms, which is used to evaluate 
students’ retrospective reports, is how to enable 
computer systems to identify students’ concepts in 
texts accurately. Several techniques have been 
developed in this field, such as sophisticated 
knowledge-based natural language understanding [2], 
latent semantic analysis (LSA) [3], and automatic text 
categorization [4]. These natural language 
understanding or concept identification methods are 
useful in different applications, depending on the 
characteristics of the target educational domains. 
Among them, LSA has been applied to essay grading, 
and high agreement levels were obtained [3]. 
However, LSA is more suited to marking essays than 
short-answer questions because it focuses on metrics 
that broadly correlate with writing style, augmented 
with aggregate measures of vocabulary usage. 
Although a recently developed LSA based assessment 
engine, the IAT marking engine, accurately marks 
incorrect responses, sometimes it still flags incorrect 
responses as being close to the correct model answer, 
if the correct keywords are included in responses, 
albeit in the incorrect order [5].  
This work proposes a tool to assist teachers by 
automatically examining if the students’ concepts are 
correct or not according to diagnosis of students’ 

descriptions. After watching the video, the students 
input their retrospective reports during learning 
activities, and the sentences were first processed via 
the proposed retrospective report assessment module, 
Next, the extracted features were used as the inputs of 
a one-class Support Vector Machine (SVM) classifier 
[6] to decide if the students had input unrelated 
concepts. Moreover, the proposed concept analysis 
module is designed to automatically detect the 
correctness of the reports for the related concepts as 
adjudged by the classifier. In the situation where 
students' answers are adjudged to contain 
“misconception” or “incomplete concepts” an 
appropriate hint will be given immediately. Finally, 
the peer rating module is presented to overcome the 
drawbacks of the classifier to complete the 
functionality of the multimedia learning assistance 
platform.  
 
II. ARCHITECTURE OF THE MULTIMEDIA 
LEARNING ASSISTANT PLATFORM  
 
The architecture of the multimedia learning assistance 
platform, as shown in Figure 1, can be divided into 
five modules, namely: the multimedia learning 
curriculum support module, eye movement trajectory 
tracking module, retrospective report assessment 
module, expert guidance module, and peer rating 
module. First, the multimedia learning curriculum 
support module provides students with the 
multimedia videos related to the teaching of popular 
sciences for the purpose of self-learning. Next, the 
eye movement trajectory tracking module can record 
students’ eye-tracking in the form of a learning 
portfolio while 
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reviewing the videos, and the results will be provided 
to the retrospective report assessment module to 
determine if the students’ grasp of key concepts are 
correct or not. If the content of a student’s 
retrospective report is classified as “incorrect 
concept”, we will provide the candidate’s eye 
movement trajectory, selected from the expert 
guidance module, as guidance for the student when 
re-watching the video, and have him or her complete 
a retrospective report again. Finally, peers were able 
to assess each other’s retrospective reports after the 
overall teaching activities to uncover the correct 
concepts that could be determined as wrong concepts 
by the retrospective report assessment module via the 
proposed peer rating module. Therefore, the system 
will check the consistency between the retrospective 
report module results and the peer rating module 
results to reconfirm the correctness of the 
retrospective reports. 

 
Figure 1. The architecture of the proposed multimedia learning 

assistant platform. 
 

A. Multimedia learning curriculum support module  
In this work, each student in the experimental and 
control groups first takes the pre-test to assess his/her 
prior knowledge before watching the multimedia 
videos related to the teaching of popular science, and 
then the retrospective reports are generated after he or 
she has watched the multimedia videos. Next, those 
learners whose understanding of concepts are 
adjudged to be wrong based on the retrospective 
reports will be provided with the same multimedia 
teaching animation to watch again but with the 
content broken down in the form of segmented video 
clips to reduce the possibility of high cognitive load 
due to the transience of information. Notably, 
experts’ or high achievement peers’ eye movement 

trajectories are provided as clues for the learners who 
are unable to grasp learning strategies in order to 
assist these low-achievement learners in effectively 
understanding the key learning issues. The difference 
in terms of learning process between the control 
group and experimental group is that only the learners 
in the control group whose concepts are adjudged to 
be wrong from the retrospective reports will be asked 
to watch the same multimedia videos again.  
 
B. Eye movement trajectory tracking module  
In this module, we adopted Liu’s method [7] to 
record and analyze participants’ eye movements. 
After participants watch the video, we utilized the 
“dynamic” areas of interests (AOIs), which are 
precisely specified areas of an object (e.g., the rim or 
body of the bottle, the straw, the paper ball). These 
are the most notable or differential areas, and we can 
observe whether a learner’s gaze is located at these 
areas.  
The selected AOIs can be further processed. As 
shown in Figure 2, each frame may have many AOIs, 
and we call them aggregated AOI (AAOI). Notably, 
while watching the video, the AOI in each frame that 
a learner gazes at is recorded by this module to track 
the whole eye movement trajectory of a learner, as 
presented in Figure 3. 

 

 
Figure 2. An illustration of AAOIs recorded in the platform. 

 

 
Figure 3. An example AOI gazed by the learner. 

 
1) Real-time webcam gaze-tracking.  
A real-time webcam gaze-tracking method was 
presented by Liu [7] to identify the point on the 
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screen where the user is looking via a webcam stream 
containing a user. Parameters such as screen size, 
position of camera relative to the screen, and screen 
resolution should be obtained in advance. Besides, 
existing features in libraries like OpenCV for facial 
detection and eye recognition will be utilized to lower 
the calculation complexity of pre-processing work. 
For each image captured from the webcam, the goal 
is to output a screen coordinate to reflect the actual 
gaze point as accurately as possible.  
After experimenting with several detection methods, 
Liu selected the Hough transform as the most 
reliable, due to it possessing the advantages of 
satisfying the criteria of precision (low variance) and 
speed (real-time). There are five features selected for 
the Hough transform, including the 
constant bias term, the face position in the image, the 
eye position in the face, the pupil position in the eye, 
and the head orientation.  
With the five selected features, Liu's method can 
perform linear regression with support vector 
machines (SVMs) to map the relationship between 
features and the gaze coordinates. With Liu’s method, 
we have to train two separate SVMs; one for the x-
axis and one for the y-axis. Finally, the predictor for 
the gaze coordinates can be thus derived.  
 
2) Face position in image.  
First, Liu's method involves localizing the face in the 
image so that it is possible to know the reference 
frame the user is looking at the target from. In 
addition, a smaller search space for the subsequent 
features is given to save computation time. This 
feature is calculated using Haar cascades, a method 
already implemented in OpenCV. However, Haar 
cascades only provide a bounding box for the eye 
position, which is not accurate enough for the 
purposes of Liu's method.  
 
3) Eye position in face.  
A generalized Hough transform was proposed to 
estimate the position of the eye on a pixel level. 
Applying a Gaussian filter to remove noise, Liu used 
a Canny edge detector to identify the edges that 
would comprise our shape of interest. For each eye, a 
shape template is utilized according to the average 
shape profile obtained from approximately ten eyes. 
Next, each pixel in the detected edges votes for the 
position of the eye, and then casts one vote from the 
perspective of all pixels in the shape template. 
Computing the votes, the predicted eye position can 
be determined as the pixel with the highest count.  
 
4) Pupil position in eye.  
Next, Liu used Hough circles to detect the pupil 
positions, and specified a minimum and maximum 
radius in order to limit the search space. The gradient-
based approach in OpenCV did not yield sufficiently 
consistent circle centers, so Liu implemented his own 
approach based on Canny edge detectors.  

5) Head orientation.  
Liu used additional generalized Hough transforms to 
determine the positions of the nose and the mouth. 
There are four key points, two eye positions, nose and 
mouth, used to generate point correspondences 
between any two images of the face. We can use 
these key points to calculate the transformation 
matrix, converting points in one image to another, 
and to form the coefficients of the matrix to derive 
the orientation angles of the head.  
 
C. Retrospective report assessment module  
After participants write down their retrospective 
reports, the reports will first be sent to the relevance 
judgment submodule to check if the concepts are 
related to the given topics. If the reports are 
unrelated, an expert’s feedback will be provided to 
the students. In the other case where the reports are 
related, the reports will be sent further on to the 
concept analysis submodule to determine the 
correctness of the reports.  
 
1) Relevance judgment submodule.  
This submodule first derives input parameters from 
the concepts addressed by the students, and feeds the 
inputs into a classifier. The classifier then determines 
if the students’ concepts are related to the topic or 
not. Notably, a one-class SVM classifier was adopted 
to analyze the data because it is effective in text 
classification according to the Khan and Madden’s 
study [6]. There are two steps involved in the training 
data. The first step is to make sure of the relevance of 
the correct concepts in the training data, and the 
second step is to test the accuracy rate of the students’ 
samples collected in this study.  
 
D. Concept analysis module  
Reports can be found in the literature of classifiers 
being unable to detect some cases, such as incomplete 
answers or misconceptions. For example, a student’s 
answer might contain the correct keywords, but in the 
incorrect order. In such cases, the classifier often 
marks these short texts correctly. A concept analysis 
approach thus is adopted in this work to assist in the 
retrospective report assessment module double 
checking the short text posted by a student. If only 
parts of the student’s concepts match the expert’s 
concept, this situation can be classified as 
“incomplete concept”.  
 
E. Expert guidance module  
In this module, there are two sub-modules, including 
the expert’s eye movement trajectory selection 
module and the video replaying guidance module, 
assisting the low-achieving students when their 
retrospective reports are adjudged as incorrect 
concepts by the retrospective report assessment 
module. An appropriate expert’s eye movement 
trajectory will be selected by the expert’s eye 
movement trajectory selection module and provided 
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for the low-achieving student as guidance. The 
student watches the segmented teaching video 
comprising the expert assistance mechanism again via 
the video replaying guidance module, and is then 
prompted to complete his/her retrospective report 
once more. More detailed description of each module 
is provided in the following section.  
 
1) Expert’s eye movement trajectory selection 
module.  
If the content of a student’s retrospective report is 
determined to fall into the “incorrect concept” 
category via the one-class SVM classifier module, we 
will proceed with the following algorithms.  
Step 1: Compare all the students’ eye movement 
trajectories with those of the experts.  
Step 2: Set each frame of the video as a unit, and 
count the number of frames in which the student 
gazed at the same AOIs as the experts.  
Step3: If there is more than one expert with the same 
frame count for an identical AOI, we will calculate 
the distance between the student’s AOI and the 
expert’s AOI at each frame in which they gazed at 
different AOIs, and then add them. Finally, we will 
select the one in which the sum of the distance is the 
least.  
 
After the above steps, we will provide the candidate 
expert’s eye movement trajectory, selected by the 
expert’s eye movement trajectory selection module, 
as the guidance for determining which multimedia 
video the student will 
watch again, and then ask the student to complete 
his/her retrospective report once more.  
 
2) Video replaying guidance module.  
Those students whose concepts are adjudged to be 
wrong based on the retrospective reports will be 
required to watch the same multimedia teaching 
animation again, but with the animation broken down 
into segmented video clips. While watching the 
segmented video with expert assistance mechanism, 
if the students input wrong concepts, the system will 
automatically detect it and give hints immediately via 
the retrospective report assessment module.  
 
Therefore, the system will show messages on the 
computer screen to guide those students whose 
concepts are wrong or irrelevant to the given 
questions, in order to help them get on the right track.  
A study indicated that experts can discover the key 
elements more easily than a novice and perform more 
accurately and faster than novices on a description 
task after watching a multimedia teaching material. 
Since the experts can find out more important AOIs 
in the video than novices, and the AOIs that the 
experts look at are more regular, our proposed 
feedback module thus gives cued hints followed with 
experts’ AOIs to assist students in realizing the right 
concepts via experts’ gaze areas as shown in Figure 4. 

 
Figure 4. Example of the expert’s cued AOI. 

 
F. Peer rating module  
During the experiment process, we found that some 
retrospective reports were correct but these reports 
were adjudged to be unrelated concepts by the 
relevance judgment module via the one-class SVM 
classifier. This is because the extracted keywords 
were not stored in the database; therefore, these 
retrospective reports could be adjudged as incorrect 
concepts or misconceptions. To circumvent this kind 
of drawback that the classifier alone cannot 
overcome, we proposed the peer rating module to 
allow students to assess each other’s retrospective 
reports with a view to discovering any correct reports 
that had been be determined to be wrong concepts by 
the classifier. The 
detailed functionality of the peer rating module is 
addressed in the following section.  
After a student's retrospective report is submitted on 
the platform, peers at the same group are asked to 
press “Agree”, “Strongly Agree”, “Disagree”, or 
“Strongly Disagree” buttons in order to evaluate the 
quality of the correctness of the retrospective report. 
Notably, we also allowed students to press an 
“Uncertain” button on the Facebook-like platform, if 
they were not confident in terms of rating on the 
retrospective report.  
The peer rating module was then used to give a final 
evaluation of each retrospective report after enough 
qualified peers’ ratings were collected. The qualified 
raters were selected based on the so-called reliability 
metric. The system weighted the reliability of each 
student that rated a retrospective report based on 
her/his past performance.  
A fuzzy logic inference system was adopted to derive 
the reliability of each student that evaluated a 
retrospective report. Three input parameters were 
employed in the fuzzy logic inference system, 
including the past GPA of the students, the 
performance of the students' own retrospective 
reports in the past, and the quality of the students' 
ratings of others’ retrospective reports in the past. 
The output of the fuzzy logic system is the updated 
reliability of the student. Since we only allow ratings 
from reliable raters by accepting only those raters 
who are in the upper half of the rater list, sorted by 
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reliability, we then wait for qualified raters to grade 
each retrospective report. The final evaluation of the 
retrospective report can be derived after enough 
qualified raters’ ratings are collected. The peer rating 
module is operated as follows.  
Step 1:  
We first estimate the reliability of the ith student who 
rates an assigned retrospective report. We need to get 
the three input parameters to the fuzzy logic inference 
system as mentioned above. It is not difficult to 
obtain the first input parameter, the past GPA of the 
ith student. As for the second parameter, the accuracy 
rate of the ith student’s own retrospective reports in 
the past, we accumulate the number of the ith 
student’s past retrospective reports that were correct. 
However, we also take the difficulty level of rating a 
retrospective report into account. A retrospective 
report is assumed to be more difficult to evaluate if 
fewer instances of consensus are reached with the 
raters. Accordingly, the accuracy rate of the ith 
student’s retrospective report in the past can be 
derived by, 

 
where 풦i stands for the total number of retrospective 
reports submitted by the ith student, and k denotes the 
index for the ith student’s retrospective reports 
submitted in the past. , is set to one if the kth 
retrospective report submitted by the ith student is 
correct. Otherwise, it is set to zero.  
ℒ, represents the difficulty level of rating the kth 
retrospective report submitted by the ith student. 
More weight is assigned to retrospective reports that 
receive incorrect ratings from the raters with higher 
reliability. Thus, ℒ푖, is expressed by, 

 
where ℐi,k is the total number of raters that graded the 
kth retrospective report submitted by the ith student. 
푖, represents the correct label for the kth 

retrospective report submitted by the ith student, and 
푐푗,, denotes the label for the kth retrospective report 
of the ith student rated by the jth rater. ℛ푗 stands for 
the reliability of the jth rater recorded in the database 
currently. Notably, a small constant  is used to 
prevent the value of ℒ푖, in Eq. (2) from being zero.  
Step 2:  
Next we derive the third parameter to feed into the 
fuzzy logic inference system, which is the accuracy 
rate of the ith student’s rating on others’ retrospective 
reports in the past. 

 
where ℳi stands for the total number of others’ 
retrospective reports rated by the ith student, and m 
denotes the index for a peer’s retrospective report 
rated by the ith student in the past. ℱ, represents the 
correct label for the mth peer’s retrospective report 

rated by the ith student, and ℯ푖, denotes the label for 
the mth retrospective report rated by the ith student.  
ℒ, represents the difficulty level of rating the mth 
retrospective report rated by the ith student, 

 
where ℋi,m is the total number of the raters that 
rated the mth retrospective report rated by the ith 
student, and 휍ℎ,푖,푚 denotes the rating assigned by the 
hth rater for the mth retrospective report which was 
also rated by the ith student.  
Step 3:  
In this step, we feed the three input parameters into 
the fuzzy logic inference system. The output of the 
fuzzy logic inference system is the updated reliability 
of the ith student. The range of the output falls 
between 0 and 1. The fuzzy linguistic variables used 
for the inputs and the output membership function are 
“low”, “medium”, and “high”. There are 27 inference 
rules generated in the fuzzy logic system. 
Accordingly, the non-fuzzy output of the defuzzifier, 
ℛ푖, can then be expressed as the weighted average of 
each rule’s output after the Tsukamoto 
defuzzification method, as illustrated in Figure 9, is 
applied, 

 
where Pn,i denotes the output of the nth rule induced 
by the firing strength wn,i. Notably, wn,i represents 
the degree to which the antecedent part of the nth 
fuzzy rule constructed by the connective “AND” is 
satisfied.  
Step 4:  
We sort all the raters by their reliabilities obtained so 
far. The ith student’s rating is accepted only when 
she/he is in the upper half of the rater list.  
Step 5: 
The system counts the number of qualified raters that 
graded the retrospective report so far. If the number 
of qualified raters who have responded reaches three, 
the final evaluation of the retrospective report is 
determined by, 

 
where p denotes the number of qualified raters that 
graded the retrospective report, and ℛ푝 and 푝 
represent the newly updated reliability and the rating 
of the pth qualified rater, respectively. 푝 is set to 
one if the pth qualified rater thinks the retrospective 
report is correct. Otherwise, it is set to -1. In the case 
where Σℛ푝∙ 푝푃푝=1 is equal to zero, or the system 
cannot get enough feedback from more qualified 
peers within a preset time period, more students with 
good achievement in other groups will be invited to 
grade the retrospective report in a round robin 
fashion. Notably, the teacher will be asked to give the 
final evaluation for this retrospective report if no 
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conclusion can be made before a predetermined 
deadline.  
Step 6:  
We then compare the grading result of the 
retrospective report obtained in the preceding step 
with the classification result of the one-class SVMs 
classifier employed in the relevance judgment 
module. If the outputs from both algorithms are 
inconsistent, the teacher is requested to confirm the 
final grading of the retrospective report. If the output 
from the one-class SVMs classifier is incorrect, the 
one-class SVMs classifier is retrained with the newly 
obtained test sample. Notably, the teacher will be 
informed of the existence of misconceptions on the 
part of the students if the output derived from Eq. (6) 
is inconsistent with final grading given by the 
teacher.  
 
III. EXPERIMENTAL RESULTS AND 
ANALYSIS  
 
To verify the effectiveness of the proposed 
multimedia learning assistant platform, a total of 120 
junior high school students in four classes 
participated in the study. After watching the 

multimedia teaching video related to the main topic 
of how to make a paper air plane fly straight and far, 
all students wrote down their retrospective reports. 
The low-achieving students in two classes were 
selected as the experimental group, which meant they 
watched the segmented video with expert’s assistance 
mechanism. The other low-achieving students in the 
other two classes were selected as the control group, 
which meant they watched the same teaching video 
again with no changes in form and no additional 
content.  
 
The pre-test and the post-test were given, 
respectively, before and after students watched the 
multimedia teaching video, in order to compare the 
students’ learning performance. There were 31 out of 
60 students in the experimental group, and there were 
34 out of 60 students in the control group. We first 
examine the effectiveness of the proposed 
retrospective report assessment module employed in 
this study. There are 187 samples representing 
correct, incorrect, and incomplete concepts 
determined by teachers/experts as the training set for 
the retrospective report assessment module, and 120 
samples corresponding 

 
Table 1. Recognition rate of the retrospective report assessment module. 

 
 

Table 2. Paired samples test for pre-test and post-test of experimental group. 

 
 

to retrospective reports as the test set of the classifier. 
Finally, the successful recognition rate in terms of the 
classification can reach up to 95%, as shown in Table 
1.  
As shown in Table 2, the experimental results 
revealed that the thirty students in the experimental 
group have increased their grades from 41.29 to 
60.32, on average. The Cohen’s d is 0.989, which 
indicates a significant effect, and reveals that our 
proposed method can enhance students’ learning 
performance.  
 
CONCLUSION 
 
In this work, a webcam was utilized to record a 
student’s eye movement trajectory. We tested the 
accuracy of sigh detection, and compared the 
similarity of each student’s eye movement trajectory 

with that of the expert. Accordingly, such a low-cost 
webcam and a real-time webcam gaze-tracking 
algorithm adopted in this work can be effectively 
utilized in an e-learning platform to assist the teacher 
in tracking a learner’s learning behaviors.  
 
The retrospective report assessment module was 
applied to evaluate each student’s retrospective report 
in this work and the accuracy reached up to 95%. 
This result verified that the proposed platform is able 
to automatically detect whether students’ grasp of 
concepts, which is expressed as a retrospective report 
related to a popular science animation, are correct or 
not, via the assistance of the retrospective report 
assessment module and text mining techniques. 
Besides, the proposed peer rating module can 
compensate for the drawbacks of the classifier. 
Therefore, the heavy teaching load of teachers is 
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alleviated via the automatic assessment mechanism 
constructed in this work.  
Next, by comparing the similarity of each low-
achieving student’s eye movement trajectory with 
those of the experts, we selected the closest one and 
we provide segmented video with expert assistance 
mechanism to the low-achieving students. The expert 
assistance mechanism effectively assists teachers in 
providing real-time assessment and helpful guidance, 
and can enhance the achievement of the sampled 
junior high school students participating in learning 
activities related to Natural Science. Moreover, the 
questionnaire that was given to the low-achieving 
students 
after using the expert guidance module and the results 
indicated that the proposed expert guidance module 
can improve the learning performance of students 
with low-achievement.  
In the future, since the participants were junior high 
school students, it might be inferred that some of 
them are intellectually immature or otherwise 
uninterested in learning. Some students showed 
passivity, and lagged behind their peers in terms of 
the learning activities. As for the students whose 
post-test grades were not better than their pre-test 
ones, there is a need to develop and enhance the 
functionality of the proposed system by providing an 
effective feedback mechanism to help students 

concentrate more diligently on learning and maintain 
a positive attitude.  
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