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Impact of Peer Review on Learning Performance 
in a Smart Classroom Teaching Environment

ABSTRACT
With the rapid progress of educational technology, smart classrooms have gradually been 
widely applied, aiming to provide students with more efficient and innovative learning 
experiences. As a non-traditional assessment method, peer review has attracted widespread 
attention in this context, and its role in the learning process of students is increasingly 
prominent. However, there are still disputes and deficiencies regarding its specific applica-
tions and benefits in smart classroom environments. This study aimed to dig into the peer 
review standard and its score prediction in a smart classroom environment and evaluate the 
specific impact of peer review on learning performance. It is expected that this study can pro-
vide educators with a more accurate and practical peer review method, thereby optimizing 
the teaching and assessment modes of smart classrooms.
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1	 INTRODUCTION

With the continuous progress and digital development of educational technology, 
smart classrooms have gradually become an important component of the educa-
tional field, aiming to provide students with more innovative, efficient, and inter-
esting learning experiences [1–8]. In such an environment, apart from the crucial 
role of teachers in providing teaching feedback to students, peer interaction and 
review also become increasingly important [9, 10]. Peer review, i.e., students assess 
each other’s learning situations, provides valuable feedback for both parties, helping 
identify their deficiencies in learning and making timely adjustments [11, 12].

A smart classroom creates a more interactive, personalized, and efficient learn-
ing environment for teachers and students using modern technology and multime-
dia tools. In such an environment, the application of peer assessment has become a 
key teaching strategy, especially in English teaching. Students often need to partici-
pate in various interactions and discussions in the smart classroom. Peer assessment 
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encourages them to shift from passively receiving information to active assessment 
and reflection, which helps them deeply understand the language and cultural 
content. Meanwhile, students need to apply critical thinking skills to assess others’ 
work. In English writing and speech assessment, the students need to analyze and 
assess the content, structure, grammar, and style, which exercises their analytical 
and critical abilities.

Peer review is not a novel concept in the educational field, but further research 
and exploration are needed to maximize its effectiveness in the context of smart 
classrooms [13–17]. Understanding and exploring the role of peer review in this 
specific environment not only helps educators design better teaching activities 
and assessment mechanisms, but also provides students with more targeted and 
effective learning feedback [18, 19]. In addition, peer review may also enhance 
students’ learning motivation and improve their learning strategies and social 
skills [20].

However, existing studies of peer review mostly focus on its application, and 
there are still many disputes and deficiencies regarding its specific assessment stan-
dards and methods in smart classrooms [21, 22]. Several problems have not been 
solved, such as how to ensure the objectivity and fairness of peer review, how to 
accurately predict students’ scores based on various indexes, and how to ensure the 
adaptability and flexibility of assessment methods [23–26].

This study focused on exploring the peer review standard and score prediction 
in a smart classroom teaching environment. A clear peer review standard was first 
defined, focusing on the speed at which peers answered questions and their mas-
tery of knowledge points. The indexes of various test questions were used to predict 
scores, such as error and guess rate. Then this study evaluated the impact of peer 
review on learning performance in detail. After evaluating the individual learning 
performance of students, this study completed the similarity calculation of peer 
review and then proposed a targeted incentive strategy to improve the learning per-
formance. This study aimed to provide educational practitioners with a more tar-
geted peer review tool and method and promote better integration of teaching with 
assessment in the smart classroom, thereby improving the learning performance 
of students.

2	 PEER REVIEW STANDARD AND SCORE PREDICTION IN A SMART 
CLASSROOM TEACHING ENVIRONMENT

A smart classroom emphasizes real-time interaction and feedback. In such a 
teaching environment, the response speed of students intuitively reflects their famil-
iarity with relevant knowledge points and their thinking agility, thus providing a 
reference standard for other students. The mastery degree of knowledge points by 
peers is the core index for evaluating their learning effect. In a smart classroom, 
students deeply understand and master knowledge points through interactions 
and discussions. Therefore, the peers’ mastery degree also indirectly reflects the 
effectiveness of teaching methods.

The peer review standard in a smart classroom teaching environment was deter-
mined by the speed of answering questions by peers and their mastery degree of 
knowledge points in this study. Such an assessment standard encourages students 
to participate in the class more actively and strengthens their interactions with 
other classmates, thereby promoting their learning depth and breadth. Compared 
with other possible assessment standards, the speed of answering questions and 
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the mastery of knowledge points are more intuitive, easy to operate, and quanti-
fiable, which not only makes peer review more concise and efficient and reduces 
subjective bias but also facilitates subsequent data analysis and research.

Let yMAX be the maximum time for students to answer teachers’ questions in 
a smart classroom teaching environment, and yu be the time for the u-th student 
to answer questions, with IS_RI ∈{0,1}. For the time spent by students to answer 
teachers’ questions, its weight y was calculated using the following equation:

	 y y y IS RI
MAX u

� �( ) * _ 	 (1)

In practical situations, students’ knowledge mastery is often a vague and con-
tinuous process. This study described the knowledge state as a fuzzy set to provide 
more detailed and accurate assessment. Let φu be the latent trait of the u-th student 
in the opinions of peers, suj be the differentiation degree of student u in knowledge 
point j in the opinions of peers, nuj be the difficulty in answering knowledge point 
j by student u in the opinions of peers, F be the empirical scale constant in the 
opinions of peers, and suj be the mastery degree of knowledge point j by student 
u in the opinions of peers. The mastery degree of knowledge point j by student 
u was calculated based on the fuzzy cognitive diagnosis model (FCDM) using the 
following equation:

	 � �
�uj j
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u
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Traditional cognitive diagnostic models use binarization (0 or 1) to represent 
whether students have mastered a certain knowledge point. However, FCDM uses 
the fuzzy set to describe students’ knowledge state, which means that their mastery 
degree of a certain knowledge point can be a value between 0 and 1. The model 
defines a set of rules to infer students’ knowledge states based on their perfor-
mance on various test questions. These rules can be determined based on expert 
opinions or data-driven approaches. The model believes that students’ knowl-
edge mastery is a continuous process instead of just a simple dichotomy between 
mastery and non-mastery. Therefore, FCDM provides more detailed information 
on their knowledge mastery. Figure 1 shows the process of using the FCDM in 
this study.

Fig. 1. FCDM process

Based on students’ performance, a fuzzy set was defined for each knowledge 
point to describe their mastery degree of that knowledge point. According to the 
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performance of students in various test questions and the diagnostic rules of the 
model, the mastery degree of each knowledge point was calculated. Let wuj be 
whether u has examined the knowledge point j, and λuj be the mastery degree of 
test question k by u. The mastery degree of objective question k by u was con-
sidered as a fuzzy intersection of u’s mastery degree of the knowledge points 
contained in k:

	 � �
uk j

k j J w

u

kj

�
� � �

( )

, 1

 	 (3)

The mastery degree of subjective question k by u was a fuzzy union of u’s mastery 
degree of the knowledge points contained in k:

	 � �
uk j
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u

kj

�
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, 1

 	 (4)

Based on the output of the model, each student was provided with a description 
of their knowledge mastery, which was a fuzzy set or a specific numerical value. If 
the mastery degree of knowledge points by students was equivalent to the maxi-
mum and minimum values of u’s mastery degree of all knowledge points examined 
by k, then there were:

	 i z MIN i z i z
S N S N

( ) ( ( ), ( ))= 	 (5)

	 i z MAX i z i z
S n S N

( ) ( ( ), ( ))= 	 (6)

Based on students’ mastery degree of knowledge points, when predicting the 
score probability of peer review, various factors should be considered comprehen-
sively, including error and guess rate when students answered test questions. Let u(j) 
be u’s mastery degree of j, u(j) be u’s mastery degree of all knowledge points involved 
in k, and wkj be whether k includes j, then the prediction equation for subjective 
questions was as follows:

	 E u j w
uk kj

j

J

�
�
� ( )

1

	 (7)

Error rate is the probability that students give a wrong answer even though they 
have a definite grasp of knowledge points. The guess rate is the probability that 
students guess the correct answer without fully mastering the knowledge points. 
The error and guess rate of each student at each knowledge point were estimated 
by analyzing their answer data. Based on students’ mastery degree of knowledge 
points and their error and guess rate, let ak and hk be the error and guess rate of test 
question u, respectively, Euk be the scores of student u in test question k, λuk be the 
mastery degree of test question k by student u, and δ 2 be the variance obtained by 
normalizing the scores of subjective questions. The probability of predicted scores 
for objective and subjective questions was calculated as follows:

	 O E a h a h
uk uk k k k uk k uk
�� � � � � �1 1 1� � �, , ( ) ( ) 	 (8)

	 O E a h B E a h
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3	 EVALUATING THE IMPACT OF PEER REVIEW 	
ON LEARNING PERFORMANCE

3.1	 Evaluating the individual learning performance

Fig. 2. Flowchart of obtaining peer review scores

The assessment of individual learning performance in a smart classroom 
teaching environment is a complex process that involves multiple assessment 
indexes and methods. Peer review scores reflect students’ knowledge mastery 
and performance among their peers. Figure 2 shows the flowchart for obtain-
ing peer review scores. Peer review reveals students’ cooperation and commu-
nication abilities, as well as their contribution and knowledge mastery degree in 
group activities. Class score ranking is the relative position of students among all 
students in the entire class, which reflects their overall academic level and knowl-
edge mastery. This study evaluated learning performance in two aspects: peer 
review scores and class score ranking. Let  Eu

e  be the scores of peer review text of 
student u to be evaluated, and l be the total number of students participating in 
peer review, then the peer review scores of students were calculated using the 
following equation:

	 E E
u
e

uk
u

l

�
�
�

1

	 (10)

Let E
u
z  be the average ranking coefficient of student u, and lu be the ranking 

of student u, then the class score ranking of students was calculated using the 
following equation:

	 E
l l

lu
z u� �

�

�
1

1
	 (11)
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After normalizing the above results, the following calculation results 
were obtained:

	
E E
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z
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−
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	 (12)

3.2	 Calculating the peer review similarity

Peer assessment similarity plays an important role in the incentive strategy for 
improving learning performance, which mainly involves comparing the assessment 
results between students and exploring their consistency and differences in assess-
ing others. If the peer assessment similarity is high, it means that students have a 
consistent assessment of a particular student or learning task, which enhances the 
fairness and reliability of peer assessment. If the similarity is low, there may be some 
biases or misunderstandings that require further in-depth analysis of their causes.

Fig. 3. Design of peer review tasks

Figure 3 shows the design process for peer assessment tasks. By comparing the 
assessment results of different students, it can be found that they share common 
standards and differences in the assessment, which helps teachers understand 
their assessment habits and standards. Understanding these common points and 
differences helps teachers provide clearer assessment guidance and suggestions for 
students. If a student obtains higher scores in the assessments of most peers but 
lower scores in the assessments of certain peers, this difference may require atten-
tion because it may indicate that there are some potential conflicts or misunder-
standings that require mediation and guidance from teachers. If most students have 
similar assessments of a student, then teachers can be more confident in providing 
motivation or support to the student based on these assessments.

The specific steps for calculating peer review similarity were described in three 
aspects, namely, calculating the weight and semantic similarity of lexical items as 
well as the similarity between feature lexical item vectors. The long peer review 
text was first segmented into several meaningful lexical items. Let μ be the lexical 
item in the feature word, and cu = (μu1, μu2, …, μul) be the u-th peer review text. After 
collecting the segmented results, this study calculated the number of times that each 
lexical item occurred in the text, and the value of term frequency–inverse document 
frequency (TF-IDF). The obtained TF-IDF value was the weight of each lexical item. 
Let QZ(μu) be the weight of lexical items in peer review text, ydk(μu) be the number of 
times that lexical item μu occurs in peer review text k, yd(μu) be the number of peer 
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review texts where lexical item μu occurs, B be the total number of peer review texts, 
and uyd(μu) be the inverse document frequency of lexical item μu, then there was the 
following equation:

	 QZ yd ufd yd B fd
u u u k u u

( ) ( ) ( ) ( ) ( ( ))� � � � �� � � � log 	 (13)

Lexical items were converted into word vectors using a pre-trained word vec-
tor model. For two lexical items, their word vectors were used to calculate cosine 
similarity, which gave the semantic similarity of both words. The value of cosine 
similarity is between −1 and 1. The closer it is to 1, the more similar it is. The closer 
it is to −1, the less similar it is. Let β be a regulation parameter, DI(μu, μk) be the path 
length of lexical items in the semantic network, and DI(μu) be the depth of the node 
corresponding to lexical item μu in the semantic network from the root node, then 
there was the following equation:

	 SIM
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DE DE DIu k

u k

u k u k
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( ( ( ) ( )) ( , ))
� �

� � �
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� �
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A feature vector was constructed for each assessment text based on the weight of 
the TF-IDF value. The dimension of the vector was the same as the number of lexical 
items, with the value of each dimension being the TF-IDF value of the corresponding 
lexical item. For two assessment texts, their feature vectors were used to calculate 
cosine similarity, which provided the overall similarity between both texts. For all 
assessment texts, a similarity matrix was calculated, with each value in the matrix 
representing the similarity between one text and another. Let cu = (μu1, μu2, …, μul), 
and ck = (μk1, μk2, …, μkl); q be the weight value between two vectors cu and ck; and 
VS(cu, ck) be the semantic similarity between two vectors, then there was the follow-
ing equation:

	 TS c c g VS c c g COSSIM c c
u k u k u k

( , ) ( , ) ( ) ( , )� � � �1 	 (15)

The cosine similarity between two lexical items was calculated using the follow-
ing equation:
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3.3	 Incentive strategy for improving learning performance

In a smart classroom teaching environment, the formulation and implementa-
tion of a learning performance improvement incentive strategy are the key steps 
in the delicacy management of dynamic feedback during the learning process. In 
this context, it is particularly important to provide a personalized incentive strategy 
for students based on a comprehensive evaluation of peer review similarity and 
score ranking. The implementation plan for the incentive strategy is described in 
detail below.

Step 1: Data collection and processing. Advanced natural language processing 
technology was used to deeply analyze students’ peer review texts, extract key 
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information, and construct feature lexical item vectors. After obtaining students’ 
learning performance data, such as exam scores, homework completion status, etc., 
their score ranking was generated based on this.

Step 2: Peer assessment similarity analysis. By calculating the semantic similar-
ity between the assessment content of each student and the assessments of other 
students, a similarity matrix was formed to identify assessment patterns and ten-
dencies. Combined with TF-IDF and the pre-trained word vector model, accurate 
semantic similarity was calculated.

Step 3: Comprehensive evaluation and classification of students. Based on peer 
review similarity and score ranking, a clustering analysis method was used to clas-
sify students into different types, with each type representing a specific learning 
mode and performance feature. A machine learning algorithm was used to classify 
students automatically, ensuring the accuracy and fairness of the classification. The 
feature similarity of students was calculated using the following equations:

	 L
b

SIM E E
uk u

j
k
j

j

b

�
�
�1

1
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Step 4: Formulation and implementation of the incentive strategy. A specific 
incentive strategy was formulated for each type of student based on their classifica-
tion results. The strategy should consider the learning styles, needs, strengths, and 
weaknesses of the students and may include additional resource support, tutoring 
plans, learning partner matching, and guidance on learning methods. The effect of 
the incentive strategy was regularly evaluated to ensure its effectiveness, and the 
strategy was fine-tuned and optimized based on feedback.

Step 5: Continuous monitoring and feedback. During the implementation process 
of the incentive strategy, students’ feedback and learning data were continuously 
collected to ensure that the strategy matched their actual needs. Students’ classi-
fication and the incentive strategy were regularly updated using the data-driven 
method to ensure the timeliness and adaptability of the strategy.

4	 EXPERIMENTAL RESULTS AND ANALYSIS

Figure 4 shows the proximity between different learning performance improve-
ment incentive strategies and teachers’ scores under different numbers of peer 
reviews. As the number of peer reviews increases, the proximity between all strate-
gies and teachers’ scores increases, which indicates that the increase in peer review 
times improves the scoring accuracy. Starting from the 50th peer review, the prox-
imity of the proposed strategy in this study reaches 92.3%, significantly higher than 
that of the other two strategies. In the 380th peer review, the proximity reaches 
97.0%, which is also the highest among the three strategies. Therefore, the increase 
in peer review times improves the proximity between peer review scores and teach-
ers’ scores, which is applicable to all strategies. Although the proximity between all 
strategies and teachers’ scores shows an increasing trend as the number of peer 
reviews increases, the effect of different strategies is significantly different. In sum-
mary, the proposed learning performance improvement incentive strategy shows 
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high proximity to teachers’ scores in peer review, proving the effectiveness and 
practicability of this strategy.

Fig. 4. Proximity between peer review and teachers’ scores under different learning  
performance improvement incentive strategies

Table 1 shows the root mean square error (RMSE) values of peer review scores 
and true scores. It can be seen from the table that the proposed strategy has the low-
est RMSE value in most cases overall, indicating relatively high prediction accuracy. 
The RMSE value of the uniform matching strategy lies between that of the proposed 
strategy and the no intervention strategy in most cases, indicating moderate predic-
tion accuracy. The no intervention strategy often has the highest RMSE value, which 
means its prediction accuracy is relatively low. As the number of peer reviews 
increases, there is no obvious overall trend, such as a stable increase or decrease in 
RMSE values. However, some local fluctuations can be observed because each peer 
review is affected by the difficulty of test questions, the participation of students, and 
other factors not being considered.

Table 1. RMSE values of peer review scores and true scores

The n-th Peer Review
Incentive Strategies

The Proposed Strategy  
in this Study No Intervention Uniform 

Matching Strategy

1 2.23 3.12 2.91

2 3.25 4.38 3.51

3 1.69 2.21 1.88

4 3.18 3.64 3.34

5 2.16 2.73 2.41

6 2.32 2.74 2.65

7 3.59 3.62 3.71

8 4.05 4.20 4.31

9 1.62 1.93 1.66

10 2.33 2.54 2.48
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Fig. 5. Overall average values of peer review using different learning performance  
improvement incentive strategies

Based on Figure 5, the overall average values of peer review using different learn-
ing performance improvement incentive strategies can be analyzed. It can be seen 
from the figure that the average values of peer review using all strategies increase 
as the number of peer reviews increases, meaning that students’ performance in 
peer review gradually improves over time and with the accumulation of experi-
ence, which reflects better learning performance. Although the average values of 
peer review using all strategies increase as the number of peer reviews increases, 
there are differences in their upward trends and volatility. The proposed strategy 
maintains a stable and high average value of peer review on the whole because 
it combines multiple assessment standards and performance incentive strategies. 
Although the no intervention strategy starts from a lower starting point, it shows a 
stable upward trend throughout the entire process, indicating that students’ perfor-
mance in peer review gradually improves even without specific incentive measures. 
The uniform matching strategy shows a clear growth trend as the number of peer 
reviews increases, indicating that uniform matching of students and assessment of 
them according to specific standards help improve their learning performance.

Fig. 6. Number of peer reviews and proportion of different score ranges
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Table 2. Learning performance of the experimental class at different incentive stages

Dimensions Test Names Average Value Standard Deviation t-Value p-Value

Learning performance in 
the pre-incentive stage

Pretest 4.88 0.26 −6.628 0.000**

Posttest 5.26 0.15

Learning performance 
during the incentive stage

Pretest 4.95 0.25 −7.824 0.000**

Posttest 5.31 0.29

Learning performance in 
the post-incentive stage

Pretest 4.99 0.18 −6.315 0.003**

Posttest 5.63 0.23

Based on Figure 6, the number of peer reviews and the proportion of different 
score ranges can be analyzed. As the number of peer reviews increases, the propor-
tion of unqualified students significantly decreases from 17.5% to 5.0%, which indi-
cates that peer review significantly improves learning performance. Similarly, the 
proportion of qualified students also decreases from 47.5% to 27.5%, which indicates 
that students have changed from being unqualified to qualified, and even a consid-
erable number of them have further improved their performance and entered a 
higher score range. As the number of peer reviews increases, the proportion of stu-
dents in the good score range significantly increases from 30.0% to 49.0%, which 
means that more students have improved their learning performance through peer 
review and achieved good scores. As the number of peer reviews increases, the 
proportion of students in the excellent score range also significantly increases from 
5.0% to 18.0%, which indicates that the peer review incentive strategy is very effec-
tive in stimulating students’ potential and driving them to achieve optimal learning 
performance.

Based on Table 2, the learning performance values of the experimental class 
at different incentive stages can be analyzed. In the pre-incentive stage, the 
average value of learning performance increases from 4.88 to 5.26, indicating 
that learning performance significantly improves in the experiment during the 
pre-incentive stage. The t-value is −6.628, and the p-value is less than 0.01, indicat-
ing that the learning performance difference before and after the experiment is 
significant during the pre-incentive stage. During the incentive stage, the average 
value of learning performance increases from 4.95 to 5.31, indicating a significant 
improvement in learning performance in the experiment during the incentive 
stage. The t-value is −7.824, and the p-value is less than 0.01, indicating a signifi-
cant difference in learning performance before and after the experiment during 
the incentive stage. In the post-incentive stage, the average value of learning per-
formance increases from 4.99 to 5.63, with the most significant improvement 
among the three stages, indicating the important impact of incentive on learning 
performance. The t-value is −6.315, and the p-value is less than 0.01, indicating a 
significant difference in learning performance before and after the experiment 
in the post-incentive stage. The distribution of experimental data is relatively 
stable in terms of standard deviation. The standard deviation slightly increases 
in the learning performance experiment in the post-incentive stage, indicating 
a more dispersed performance distribution among students. The above analysis 
conclusions indicate that the incentive strategy has a positive impact on students’ 
learning performance in all stages, and its effect is the most prominent, especially 
in the post-incentive stage.
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5	 CONCLUSION

This study evaluated the impact of peer review on learning performance in 
detail. After evaluating the individual learning performance of students, this study 
completed the similarity calculation of peer review and then proposed a targeted 
incentive strategy to improve the learning performance. It can be seen from the 
data analysis that the strategy proposed in this study outperforms other strategies 
in terms of proximity between peer review and teachers’ scores, RMSE value, and 
the overall average value of peer review. As the number of peer reviews increased, 
students’ learning performance improved, indicating the positive role of peer 
review in improving learning performance in a smart classroom environment. The 
experimental results of the incentive strategy showed that students’ learning perfor-
mance significantly improved in different incentive stages, with the most significant 
improvement especially in the post-incentive stage.

Based on the research findings of this study, it can be concluded that peer review 
not only serves as an effective assessment tool in a smart classroom teaching envi-
ronment but also significantly improves students’ learning performance. The peer 
review strategy proposed in this study performs well in predicting peer review 
scores, calculating peer review similarity, and the learning performance improve-
ment incentive strategy, and has advantages over other strategies. In addition, as 
peer review continues, the learning performance of students continues to improve, 
confirming the long-term positive impact of peer review. Therefore, peer review in a 
smart classroom environment is worth further promotion and application.
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