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Abstract: In order to meet the growing demand for engineering professionals who can incorporate 

sustainable solutions into their work, sustainability courses have been launched in online problem-

based learning (PBL) environments through various real-life projects. Nonetheless, the conventional 

one-off grading approach may fail to capture the intricate variations in students’ performance across 

different projects. To address this problem, a multi-project evaluation framework utilizing the 

probability exceedance method (PEM) is proposed, which can fuse linguistic evaluation data 

presented in probability distributions without the need to obtain weights of criteria. In the case 

study, a comprehensive evaluation of the performance of students majoring in engineering 

management is conducted within a study group over an online PBL course on sustainable decision 

analysis. The sensitivity analysis demonstrates that consistent scores can be achieved after assigning 

different values of fuzzy measures to each criterion. This study enables teachers to holistically 

evaluate students without being bound by rigid numerical standards or strict weighting schemes, 

thus allowing them to focus on other educational tasks while ensuring effective and reliable results. 

Moreover, it contributes to educational innovation by introducing a modern and comprehensive 

approach for engineering student assessment in online PBL, aligning with the evolving needs of 

educational sustainability in higher education. 

Keywords: online PBL; multi-project evaluation; sustainability courses; probability exceedance 

method; fuzzy measures 

 

1. Introduction 

As the engineering profession is moving towards more environmentally friendly 

practices, sustainability has become an integral part of the process of engineering design, 

construction, and operation [1,2]. To actively promote sustainability as a core value in 

tertiary education, sustainability courses have been integrated as mandatory parts of 

engineering programs in many universities. These courses aim to equip students with 

knowledge about sustainable principles, technologies, and practices in engineering fields. 

To enhance the learning outcomes in these courses, students are encouraged to approach 

sustainability issues through real-world projects, utilizing problem-based learning (PBL) 

in an online and collaborative se�ing [3]. By sharing ideas and working together remotely, 

the online PBL approach facilitates students finding innovative solutions that consider 

environmental, social, and economic factors, as well as seeking effective collaboration 

with other disciplines [4]. 

Nevertheless, one significant challenge impeding the implementation of online PBL 

for sustainability courses lies in the evaluation of engineering students’ performance, 

particularly when multiple projects are typically involved. Traditionally, students’ final 

scores in many universities in China are comprised of two parts, namely seventy or eighty 
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percent from the final wri�en exams at the end of the courses and the rest from regular 

performance evaluations. However, this prevalent grading system may not be suitable for 

the PBL courses, as students’ comprehensive abilities and skills demonstrated through the 

collaborative completion of multiple projects are emphasized and can hardly be fully 

reflected by final wri�en exams. To foster engineering professionals who can seamlessly 

integrate sustainability into their practical work, it is essential to capture and assess 

various aspects of students’ abilities and accomplishments, including knowledge 

proficiency, problem-solving skills, teamwork capabilities, critical thinking skills, etc. [5–

8]. When multiple factors with varying importance must be considered simultaneously, 

teachers usually face a dilemma in presenting reasonable assessment results for students 

in online PBL. In this context, it is imperative to develop a standardized, computerized, 

and objective multi-criteria performance evaluation approach to enhance the efficiency of 

the scoring process in online PBL over sustainability courses. 

To date, while numerous studies have examined multi-criteria evaluation models or 

other quantitative strategies for evaluating students’ academic performance, there is a lack 

of studies focused on PBL scenarios. Among the previous studies, ref. [9] identified 

relevant criteria and utilized a performance measurement philosophy to evaluate 

perceived student learning after a project-based assignment was applied as an 

instructional tool. Ref. [10] developed a program evaluation rubric via a qualitative rating 

system to assist teachers in identifying key learning goals, dimensions, and principles 

related to the socio-scientific issue (SSI)-based science, technology, engineering, arts, and 

mathematics (STEAM) approach for science education. Ref. [11] presented an empirical 

study examining the application of machine learning (ML) to assess students’ engagement 

in PBL and provide process-oriented feedback on their collaboration. However, despite 

the fact that few studies have focused on the multi-criteria evaluation of student 

performance in PBL, a comprehensive assessment using other teaching strategies can be 

found. For example, ref. [12] applied the technique for order preference by similarity to 

ideal solution (TOPSIS) to measure and evaluate the academic performance of students 

enrolled in the first year of science and engineering in a university from 2016 to 2019. Ref. 

[13] developed an assessment model of students’ flipped classroom learning via an 

analytic hierarchy process (AHP) towards the subject of chemistry in Iraqi schools. Ref. 

[14] examined multiple evaluation indexes and utilized an artificial intelligence-based 

evaluation method to evaluate students’ classroom performance. 

However, the majority of prior studies on student performance assessment have been 

conducted using one-off evaluations, which can be relatively limited and, in some cases, 

even inappropriate for online PBL. In fact, in PBL or online PBL courses, not all projects 

are created equal in terms of their focus, importance, or difficulty [15]. Some may require 

more in-depth understanding and critical thinking, while others may be more 

straightforward. Meanwhile, even if a student has a consistent performance in general, 

they may excel in some projects and struggle in others due to differences in project 

characteristics, students’ personal interests, and motivation over different projects. 

Therefore, compared with conventional one-off evaluations at the end of a course, 

evaluating students’ efforts based on individual projects allows for a more nuanced 

understanding of students’ capabilities and areas for improvement, leading to fairer and 

more accurate evaluations. 

When assessing students’ performance in online PBL, linguistic variables such as 

“excellent” and “slightly poor” are typically preferred among teachers as they align be�er 

with the way humans express themselves [16,17]. Using these descriptive terms offers 

more flexibility and nuance in communicating feedback compared to using precise 

numerical values. However, the performance of a student can vary from one project to 

another, thus necessitating the use of different linguistic data to represent students’ 

performance across different projects. As a result, the overall performance of a student can 

be presented in the form of probability distributions. For example, for an online PBL 

curriculum, the performance of a student against the criterion of teamwork skill based on 
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a linguist term set 
0 1 2 3 4 5 6{ , , , , , , }S s s s s s s s  = {“extremely poor”, “poor”, “slightly poor”, 

“medium”, “slightly good”, “good”, and “extremely good”} is evaluated as 
3s  , 

2s  , 
3s  , 

and 
3s  over four projects, respectively. If each project is considered equally important, 

the overall evaluation value would be 
3 4{ ,0.67 , ,0.33 }s s    . Likewise, a similar form of 

collective linguistic data against other criteria can also be obtained. To derive students’ 

overall assessment data against multiple criteria, linguistic evaluation values in the 

probability distributions need to be further aggregated. However, the traditional fusion 

methods or operators, such as the simple additive method (SAM) and the Choquet 

integral, fail to order or aggregate this type of data as they can only deal with values in 

real numbers [18,19]. To this end, ref. [20] proposed a probabilistic exceedance method 

(PEM) based on the Choquet integral to solve this problem. 

Meanwhile, the PEM eliminates the need to determine the weight distribution of 

criteria by assigning values to fuzzy measures of criteria to represent their relative 

importance. In regards the common multi-criteria evaluation methods, such as the 

methods of VlseKriterijumska Optimizacija I Kompromisno Resenje (VIKOR), decision-

making trial and evaluation laboratory (DEMATEL), TOPSIS and multi-objective 

optimization on the basis of a ratio analysis plus the full multiplicative form 

(MULTIMOORA), weights of criteria have to be calculated before the final evaluation can 

be derived [21]. However, for the PEM-based algorithm, fuzzy measures of criteria 

representing their relative significance are determined by teachers or educators and can 

be directly applied to derive the evaluation results. Moreover, compared with the classic 

fuzzy measurement, fuzzy measures take the importance of the combination of decision 

a�ributes into account rather than only considering the importance of the a�ributes 

themselves [22]. For example, teachers may consider that the criteria of online engagement 

and sustained learning in student performance assessment are both important, while the 

combined importance of the two could be greater or less than their sum. Under this 

circumstance, synergy or antagonism among the factors can probably exist when the 

importance of the combination of decision a�ributes is measured [22]. In fact, fuzzy 

measures have been widely used in comprehensive education evaluation [23,24], risk 

assessment [25–27], resource allocation [28–30], and other scenarios to provide 

quantitative analysis support for solving complex problems.  

In this study, to evaluate students majoring in engineering management for the 

online PBL curriculum on sustainable decision analysis, a multi-project evaluation 

framework based on the PEM is implemented, with each of the five projects serving as a 

distinct assessment unit. Firstly, a concise evaluation index system for assessing student 

performance is established via a literature review and questionnaire surveys. 

Subsequently, to be�er align with human expression habits, linguistic variables are 

employed by teachers to evaluate students’ performance in each project before final scores 

are obtained by aggregating assessment data in the form of linguistic probability 

distributions using the PEM.  

The rest of this paper is organized as follows. Section 2 briefly reviews the 

fundamental concepts of fuzzy measures and the PEM and introduces a multi-project 

student evaluation framework in online PBL over sustainability courses. In Section 3, a 

case study of students’ performance evaluation is presented before sensitivity analyses 

are conducted in Section 4. Finally, conclusions are summarized in Section 5.  

2. Materials and Methods 

2.1. Fuzzy Measures  

To assess the performance of students over online PBL courses emphasizing 

sustainability, fuzzy measures can be applied to reflect the importance or priority of the 

indicators as well as the subjectivity and uncertainty among the evaluators or teachers. 

Typically, the larger the fuzzy measure value of an indicator, the greater influence it exerts 
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on the assessment score of students’ performance. The definition of a fuzzy measure is as 

follows: 

Definition 1 [31]. A fuzzy measure on a finite set {1, 2, ..., }N n   is a set function 

: ( ) [0,1]P X   satisfying: 

1. ( ) 0   , ( ) 1X  ; 

2. If , ( )A B P X  and A B , then ( ) ( )A B  . 

where ( )P X  is the power set of X . 

2.2. Probabilistic Exceedance Method 

In this part, the probabilistic exceedance method (PEM) will be reviewed as a data 

aggregation method for the multi-project evaluation of student performance in a linguistic 

environment. Compared with traditional data fusion methods mostly developed to fuse 

real numbers, the PEM can not only aggregate linguistic evaluation information presented 

in probability distributions but also eliminate the need to determine the weights of criteria 

by assigning values to the fuzzy measures of criteria to represent their relative importance. 

Furthermore, the PEM-based algorithm for evaluating students in online PBL has a 

straightforward calculation process, rendering it comprehensible to teachers of diverse 

academic backgrounds.  

Assume that there are n criteria denoted as 
1 2{ , ,..., }nC C C C  , and m levels of 

satisfaction represented as 
1 2{ , ,..., }mS S S S  , where 

1 2 ... mS S S    . Furthermore, the 

satisfaction of a student’s performance against criterion ( 1, 2, ..., )iC i n  is denoted in the 

form of the probability distribution as 
1 2{ , ,..., }i i i imP p p p , 1, 2,...,i n . The main steps of 

the PEM are presented as follows [20]: 

First, the exceedance distribution function for criterion ( 1,2,..., )iC i n  is calculated 

based on ( 1,2,..., )iP i n , which is represented as [ (1), (2),..., ( ),..., ( )]i i i i iEDF EDF EDF EDF j EDF m , 

where 
1

( )
j

i itt
EDF j p


  , is used to express the probability that a student’s satisfaction to 

criterion ( 1, 2,..., )iC i n   is at least ( 1, 2,..., )jS j m  , and it satisfies ( ) 1iEDF m   , 

1(1)i iEDF p .  

Afterward, by ranking ( )iEDF j  under a given ( 1, 2, ..., )jS j m , the kth largest value of 

( )iEDF j  can be obtained and denoted as ( )jg kEDF . Here, we note that the fuzzy measure is 

represented as   . According to the nature of the Choquet integral, the weight 

determination is shown as follows: 

( ) ( 1)( ) ( ) ( )
j jj g k g kw k H H     (1)

where ( )jg kH  is the subset of the criteria with the kth largest value of ( )jg kEDF .  

Furthermore, ( )jg kEDF   can be fused to obtain the aggregated satisfaction values 

under the satisfaction level ( 1, 2,..., )jS j m  using the following equation: 

( )1
( )

j

n

j j g kk
B w k EDF


   (2)

where ( )jw k  is the weight of the criterion with the kth largest value of ( )jg kEDF . 

Thus, the satisfaction values for this student’s performance under ( 1,2,..., )jS j m  can 

be calculated using 1j j jp B B    , where 0 0B   . Correspondingly, the satisfaction 

distribution can be obtained as 1 2[ , , ..., ]mP p p p    .  

Finally, we can calculate the expected values for this student, which is shown as: 

1

n

j jj
EV p y


    (3)
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where jy  is the scalar value to represent the satisfaction level of ( 1, 2, ..., )jS j m . 

2.3. The Proposed Students’ Performance Evaluation Framework based on the PEM for Online 

PBL 

To ensure a fair assessment, an evaluation index system must be established. This 

system should be created using criteria that accurately reflect the multi-faceted nature of 

engineering students’ online PBL performance. Furthermore, given that a complex index 

system with numerous criteria can be cumbersome for teachers to manage, it is advisable 

to select only four to seven criteria. After key criteria are determined, students’ 

performance will be assessed in each project based on a linguistic term set of 

0 1{ , , ..., }lS s s s  , where l represents an even number. The five-phased framework to 

evaluate engineering students’ online PBL performance over sustainability courses is 

presented in Figure 1. In the first phase, the evaluation index system of student 

comprehensive performance in online PBL is constructed. Afterward, the weights of the 

projects, along with the fuzzy measures of the criteria, are assigned by several experienced 

teachers in phase 2. In phase 3, multi-project evaluation matrices are developed with 

evaluation values presented by linguistic variables, which are then aggregated by the 

approach PEM in phase 4. Finally, the comprehensive scores of students are obtained in 

phase 5 to represent engineering students’ performance over multiple projects in the 

online PBL curriculum. 

 

Figure 1. The proposed framework to evaluate engineering students’ online PBL performance over 

the sustainability courses. 

In this multi-criteria evaluation problem, supposing that there are m students 

forming a set of  1 2, , ..., mA A A A  , n criteria forming a set of  1 2, ,..., nC C C C  , and t 

Obtain the aggregated evaluation 

values under each linguistic scale 

Collect criteria via a literature review 

Conduct questionnaire surveys on the 
importance of the collected criteria  

Rank the ratings of importance and 
select the key criteria  

Construct an evaluation index system 

Obtain the collective evaluation matrix 
of students over all projects  
 

Obtain the values of the exceedance 
distribution function 
 

Derive comprehensive values for 

students via the Choquet integral 

Phase 3: Construct the initial 

evaluation matrix of students 

over each project  

 

Phase 2: Assign weights to 
different projects and determine 
the fuzzy measures for the 
criteria  

Phase 1: Establish an evaluation 

index system for student 

performance in online PBL  

 

Phase 4: Aggregate the 

evaluation values among all the 

criteria via the PEM 

Phase 5: Obtain students’ final 

scores for online PBL over the 

sustainability course 
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projects forming a set of  1 2, , ..., tP P P P , then we can obtain the evaluation value 
k

ijr  

for a student ( 1,2,..., )iA i m   against criterion ( 1, 2,..., )jC j n   over the thk   project 

( 1,2,..., )kP k t  . Thus, an evaluation matrix of ( )k k
ij m nR r   , 1, 2,...,k t   can be developed, 

where the evaluation value k
i jr   is represented by a linguistic variable based on 

0 1{ , , ..., }lS s s s . In addition, the weight vector of t  projects during the implementation 

of online PLB is assigned by the teachers and is denoted as 1 2( , ,..., )T
t     . 

Meanwhile, the fuzzy measures of criteria ( 1,2,..., )jC j n   are determined by teachers 

regarding the importance of criteria, which is denoted as ( )jC  , 1, 2, ...,j n  . The 

specific steps for this PEM-based evaluation algorithm are explained below: 

Step 1. To obtain the assessing result of each student over t projects, the initial 

evaluation matrices ( )k k
ij m nR r  , 1, 2,...,k t  are fused into a collective evaluation matrix 

( )ij m nR r   using Equation (4): 

{ , | 0,1, ..., }ij g ijr s g l     (4)

where ijr  is the collective evaluation value of student ( 1, 2,..., )iA i m  against criterion 

( 1, 2,..., )jC j n  , gs   is the linguistic variable based on 0 1{ , , ..., }lS s s s   and 
ij

ij qq G
 


   , 

{ | , 0,1, ..., }q
ij ij kG q r s k l   . 

Step 2. According to the collective evaluation matrix ( )ij m nR r   , the probability 

distribution degree i j
gp   of a student ( 1, 2,..., )iA i m   regarding the linguistic scale 

( 0,1,..., )gs g l  under criterion ( 1, 2,..., )jC j n  can be presented in the form of Table 1. 

Table 1. The probability distribution degree 
ij
gp  of a student ( 1, 2,..., )iA i m . 

Criteria sl sl−1 ...
 

s0 

1C  1i
lp

 
1

1
i
lp

 ...
 

1
0
ip

 
2C  2i

lp
 

2
1

i
lp   ...

 
2

0
ip  

... 

... 

... 

... 

... 

nC  in
lp

 1
in
lp

 ...
 

0
inp  

Step 3. The values of the exceedance distribution function for a student 

( 1, 2,..., )iA i m   against each criterion ( 1, 2,..., )jC j n   are then calculated based on the 

probability vector 
1 0( , , ..., )ij ij ij ij

l lp p p p , 1, 2, ...,i m , 1,2,...,j n , and are represented as: 

[ ( ), ( 1),..., ( ), ..., (0)]ij ij ij ij ijEDF EDF l EDF l EDF g EDF   (5)

where ( )
l ij

ij qq g
EDF g p


  . ( )ijEDF g  is used to express the probability that the satisfaction 

level of a student ( 1, 2, ..., )iA i m  to criterion ( 1,2,..., )jC j n  is at least ( 0,1, ..., )gs g l . 

For 0g   and g l , we can obtain (0) 1ijEDF   and ( ) ij
ij lEDF l p  respectively. 

Step 4. Based on the obtained exceedance distribution of a student ( 1, 2,..., )iA i m  

against each criterion ( 1, 2,..., )jC j n  , the values of probability ( )ijEDF g  , 1, 2, ...,j n  

are ranked from the largest to the smallest before we obtain the thu   largest value of 

( )ijEDF g   for ( 1, 2, ..., )iA i m   under the linguistic scale ( 0,1,..., )gs g l  , which is 

denoted as ( )g
iEDF u  . Correspondingly, the criterion with the thu   largest value of 

( )g
iEDF u   is denoted as ( )g

iC u  . Meanwhile, the criteria set with the largest to the 
thu  

largest value of ( )ijEDF g  is denoted as ( )g
i u .  
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Step 5. Based on the criteria set  1 2, , ..., nC C C C , all of its subsets can be listed, and 

the fuzzy measures of a given subset   within  1 2, ,..., nC C C C  are obtained using the 

following equation: 

( ) max{ }
j

j
C

 


   (6)

where 
j  is the fuzzy measure of criterion ( 1, 2,..., )jC j n . 

Step 6. According to the obtained fuzzy measures, the weight of ( )g
iC u , namely the 

criterion with the thu  largest value of ( )g
iEDF u , can be calculated using the following 

equation: 

( ) ( ( )) ( ( 1)), 1, 2, ... .g g g
i i iu u u u n        (7)

where ( ( ))g
i u   is the fuzzy measure of the criteria set ( ( ))g

i u  . 

Step 7. The aggregated comprehensive values for a student ( 1, 2,..., )iA i m  under 

the linguistic scale ( 0,1, ..., )gs g l  can be obtained using the following equation: 

1
( ) * ( )

ng g g
i i iu

B u EDF u


   (8)

where ( )g
i u  is the weight of ( )g

iC u  and ( )g
iEDF u  is the 

thu  largest value of ( )ijEDF g  

for a student ( 1, 2,..., )iA i m  under the linguistic scale ( 0,1,..., )gs g l . 

Step 8. The comprehensive evaluation value for a student ( 1,2,..., )iA i m  under the 

linguistic scale ( 0 ,1, ..., )gs g l  can be obtained using the following equation: 

1 , 0,1, ...,g g g
i i iB B g l     (9)

where g
iB  is the aggregated comprehensive values for a student ( 1, 2, ..., )iA i m  under 

the linguistic scale gs  and 1 0l
iB   . 

Step 9. The final score for a student ( 1, 2,..., )iA i m  in online PBL can be obtained 

using the following equation: 

0
( ) 100* ( )

l g
i i gg

S A N s


   (10)

where ( )gN s g   and g
i   is the comprehensive evaluation value for student 

( 1,2,..., )iA i m  under the linguistic scale 
gs . 

3. Case Study and Results 

As businesses and organizations increasingly recognize the importance of 

sustainability, there is a growing demand for professionals who can manage projects in a 

way that is environmentally responsible and socially beneficial. To provide university 

students majoring in engineering management with relevant knowledge and skills, the 

online PBL course on sustainable decision analysis was launched for students in a 

university in China and is implemented with collaborative learning within groups. To 

obtain more precise assessment outcomes for students, a phased assessment method is 

utilized in which each individual project is evaluated as a standalone unit before the 

comprehensive values are aggregated via the PEM to represent each student’s final score. 

During the assessment, students’ performance is evaluated according to a linguist term 

set 
0 1 2 3 4 5 6{ , , , , , , }S s s s s s s s  = {“extremely poor”, “poor”, “slightly poor”, “medium”, 

“slightly good”, “good”, “extremely good”}.  

In this case study, the performance of four students, namely A1, A2, A3, and A4, within 

an online PBL learning group is assessed, and a total number of five projects 
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( 1, 2,...,5)kP k   are involved in this course. The chosen four students exhibited different 

age ranges, educational levels, and genders. Their individual details are summarized in 

Table 2. Furthermore, to eliminate potential personal biases and preferences when 

assigning fuzzy measures to the criteria, a panel of experts was convened, consisting of 

five highly experienced teachers, namely E1, E2, E3, E4, and E5. Each of these teachers had 

a minimum of four years of experience in online PBL in the field of green project 

management. Similarly, in order to gather a diverse range of opinions, the recruited 

experts were from various age groups, genders, and levels of PBL experience, which can 

also be observed in Table 2. Additionally, a comprehensive description of the five projects 

on sustainable decision analysis within the online PBL course is presented in 

Supplementary Table S1. In order to ensure a diverse and inclusive learning experience, 

these five projects vary in terms of complexity and practicality, as well as thematic focus, 

objective orientation, and evaluation emphasis. Based on these comprehensive factors, as 

well as the importance of each project towards the achievement of the teaching goal, the 

weights vector of five projects were assigned by the expert panel, which is given as 

(0.2,0.3,0.1,0.3,0.1)T   in this case study. 

Table 2. The individual details for the four students and five experts involved in the evaluation. 

Student/Teacher  Age Range Gender Educational Level 
Online PBL Course 

Experience  
Major/Research Areas 

Student A1 26–27 Female PhD 2 Semesters Engineering management 

Student A2 22–23 Male Undergraduate 2 Semesters Engineering management 

Student A3 24–25 Female Masters 1.5 Semesters Engineering management 

Student A4 18–19 Male Undergraduate 4 Semesters Engineering management 

Teacher E1 35–44 Male Masters 4 Years Green project management 

Teacher E2 45–54 Female PhD 4 Years Green project management 

Teacher E3 25–34 Male Masters 4.5 Years Green project management 

Teacher E4 25–34 Female PhD 4 Years Green project management 

Teacher E5 35–44 Female Masters 4 Years Green project management 

3.1. The Establishment of an Evaluation Index System for Students’ Performance in Online PBL 

During the evaluation of engineering students’ performance in online PBL, it is 

crucial to design a well-considered and robust evaluation index system that aligns with 

the goals and outcomes of sustainability courses to ensure effective, meaningful, and fair 

assessments. In regards to the sustainable decision analysis course, it emphasizes 

sustainability, environmental responsibility, and the integration of ecological and social 

considerations into project planning and execution. Meanwhile, transversal skills, such as 

environmental literacy, innovation, cooperation, and leadership, are also essential.  

To establish a reasonable assessment index system, some key indicators are first 

gleaned through a literature review, which can be seen in Table 3. However, applying all 

the listed criteria by teachers would be relatively time-consuming and less efficient due to 

the relatively large number of criteria. Owing to this, a screening process is further 

conducted by distributing 100 questionnaires to students and teachers in local 

universities. During the selection process, it is essential to choose teachers and students 

who possess prior experience with online PBL, thereby guaranteeing their familiarity with 

the online PBL learning environment and its intricacies. Specifically, all the teachers 

should possess a minimum of 1.5 years of experience in online PBL, while all the students 

should have at least one semester’s involvement. Meanwhile, well-balanced gender and 

age demographics of both the teachers and students are required to ensure a diverse and 

representative sample. After this screening process, only 20 students and 15 teachers were 

selected, as online PBL strategies are still not common in universities in China. The details 

of age, gender, and levels of experience among the recruited teachers and students are 
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presented in Supplementary Tables S2 and S3, respectively. After obtaining their consent, 

each individual was invited to select a rating for each gleaned criterion among five scales 

of “extremely important”, “very important”, “important”, “neutral”, and “unimportant”. 

For the convenience of the data process, the above five scales were then converted to real 

numbers of “4”, “3”, “2”, “1,” and “0” after the questionnaires were collected. Afterward, 

by averaging the scores for each criterion, the mean rating of each criterion was derived 

and can be conveniently observed in Figure 2. The original data can be observed in 

Supplementary Table S4. 

Table 3. The gleaned criteria to evaluate engineering students’ performance for online PBL courses. 

Criteria Explanations References 

Technical 

competency (B1) 

This indicator evaluates engineering students’ ability to use technology effectively 

for learning purposes, including e-learning platform navigation, use of learning 

tools and applications, and technical problem-solving. 

[32,33] 

Knowledge 

application (B2) 

This involves assessing whether engineering students have applied the relevant 

knowledge and skills gained from their studies to actual project work. 
[34–36] 

Collaboration and 

contribution (B3) 

This indicator assesses students’ ability to collaborate and interact effectively with 

peers. Additionally, it measures individual contributions within a group setting, 

such as contributing ideas and suggestions to group projects. 

[37,38] 

Online 

engagement (B4) 

This indicator measures whether engineering students can actively engage in 

various online PLB activities and whether students can respond to the quizzes and 

discussions and complete assignments on the e-learning platform. 

[39–41] 

Sustained learning 

(B5) 

This indicator focuses on students’ ability to retain and apply acquired knowledge 

over time as well as their motivation and enthusiasm for continued learning beyond 

the course’s completion. 

[42,43] 

Mastery of content 

(B6) 

This indicator assesses students’ comprehension and mastery of course content, 

such as key concepts, theories, methods, or ideas, through assignments, tests, and 

quizzes. 

[44,45] 

Critical thinking 

(B7) 

This criterion assesses students’ ability to think critically about sustainable decision-

making issues in the engineering field. It evaluates their analytical skills and ability 

to evaluate evidence and produce sound judgments based on logic and reasoning. 

[46–49] 

Problem-solving 

skills (B8) 

This criterion evaluates how effectively engineering students are able to address 

sustainability challenges they encounter. This can be measured by looking at the 

variety of solutions they come up with or their ability to solve technical difficulties 

while working on practical projects. 

[50–53] 

Time management 

(B9) 

This indicator evaluates whether students can ensure an adequate allocation of time 

to ensure the timely completion of tasks and projects in online PBL. 
[54] 

Reflection and 

learning (B10) 

This criterion evaluates students’ ability to reflect on their learning and identify 

areas for improvement. It assesses their self-awareness, openness to feedback, and 

their approach to continuous learning in sustainable decision-making in 

construction and project management. 

[55] 

Sustainability 

integration (B11) 

This criterion measures engineering students’ ability to integrate sustainability 

principles into sustainable decision-making. It evaluates their understanding of 

sustainability requirements and their implementation in project planning and 

execution. 

[56,57] 
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Figure 2. The average scores for the gleaned criteria based on the questionnaire surveys. 

Based on the average score obtained for the gleaned criteria, five criteria with the 

highest importance scores were ultimately chosen to construct a comprehensive 

evaluation index, which are mastery of content (C1), sustainability integration (C2), 

collaboration and contribution (C3), knowledge application (C4), and online engagement 

(C5). The definitions for these five indicators are explained below: 

 Mastery of content (C1): This indicator assesses the degree to which engineering 

students can understand and grasp the course content, such as the key concepts, 

theories, methods, or ideas. This is measured through the quality of online 

assignments submi�ed as well as the results of tests and quizzes in online PBL; 

 Sustainability integration (C2): This criterion measures students’ ability to integrate 

environmental, social, and economic sustainability into online PBL activities. For this 

criterion, students’ performance is evaluated based on their ability to incorporate 

sustainability considerations into their project proposals, problem-solving 

approaches, and decision-making processes; 

 Collaboration and contribution (C3): This indicator assesses students’ ability to 

collaborate and interact effectively with peers, both asynchronously (through forums 

or message boards) and synchronously (through live chats or video conferencing). 

Additionally, it measures individual contributions within a group se�ing, such as 

contributing ideas and suggestions to group projects; 

 Knowledge application (C4): This involves assessing whether students have applied 

the relevant knowledge and skills gained from the courses to project work and 

whether students can effectively address challenges encountered during project 

execution and propose sustainable solutions for project management; 

 Online engagement (C5): This indicator measures the extent to which students 

actively engage in the various online PBL activities, including discussions, 

collaborations, the completion of assigned tasks, the response rates to assignments 

and quizzes on the e-learning platform, and so on. 
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3.2. The Evaluation of Students’ Performance for Online PBL for the Course on Sustainable 

Decision Analysis  

In this part, students’ performance is assessed for the online PBL course on 

sustainable decision analysis via the PEM. Based on the established evaluation index 

system, the performance of four students was measured over each project, and the original 

evaluation matrix is shown in Table 4. Meanwhile, the fuzzy measures signifying the 

relative importance levels of the five criteria were provided by five teachers based on their 

expertise and experience, which are shown in Table 5. For the convenience of data 

processing, the average fuzzy measures were adopted to represent the collective fuzzy 

measures of five criteria, which are 
1( ) 0.9C   , 

2( ) 0.6C   , 3( ) 0.8C   , 
4( ) 0.7C   , and 

5( ) 0.4C  , respectively. 

Table 4. The original evaluation matrix of four students over each project in online PBL. 

Students Projects  C1 C2 C3 C4 C5 

A1 

P1 s5 s5 s5 s6 s5 

P2 s4 s5 s6 s5 s5 

P3 s5 s4 s5 s5 s5 

P4 s3 s5 s5 s6 s5 

P5 s5 s6 s5 s4 s4 

A2 

P1 s2 s3 s4 s3 s5 

P2 s3 s3 s3 s4 s4 

P3 s3 s3 s4 s2 s4 

P4 s4 s4 s3 s2 s4 

P5 s4 s3 s3 s3 s4 

A3 

P1 s4 s3 s4 s3 s4 

P2 s3 s3 s4 s2 s5 

P3 s3 s2 s3 s3 s5 

P4 s3 s2 s5 s3 s5 

P5 s3 s3 s5 s2 s5 

A4 

P1 s4 s3 s5 s5 s4 

P2 s5 s3 s3 s4 s3 

P3 s3 s4 s3 s3 s4 

P4 s3 s4 s3 s4 s4 

P5 s5 s4 s4 s5 s4 

Table 5. The fuzzy measures of the criteria provided by five experts. 

Experts  C1 C2 C3 C4 C5 

Expert 1 0.95 0.60 0.80 0.70 0.40 

Expert 2 0.90 0.70 0.90 0.70 0.50 

Expert 3 0.90 0.70 0.80 0.80 0.40 

Expert 4 0.85 0.50 0.70 0.70 0.40 

Expert 5 0.90 0.50 0.80 0.60 0.30 

Average values 0.90 0.60 0.80 0.70 0.40 

The detailed evaluation process is presented as follows: first, the collective decision-

making matrix over five projects was obtained by fusing the initial evaluation matrix using 

Equation (4), and the results are shown in Table 6. For example, according to Table 4, the 

linguistic evaluation data for student A1 against the criterion C1 over five projects are s5, 

s4, s5, s3, and s5, respectively. Given that the weight vector of five projects is 

(0.2,0.3,0.1,0.3,0.1)T   , the fused data for student A1 against C1 was obtained as 



Sustainability 2024, 16, 1389 12 of 20 
 

 

11 3 4 5{ ,0.3 , ,0.3 , ,0.4 }r s s s        . Afterward, 
11r   was presented in the form of Table 1 by 

pu�ing the probability degrees to the corresponding linguistic scale, and the results can 

be seen in the second line of Table 6. Similarly, all the probability distribution degrees for 

student A1 regarding the linguistic scale ( 0,1,..., 6)gs g    under criterion ( 1,2,...,5)jC j   

are presented in Table 6.  

Afterward, the values of the exceedance distribution function of student A1 against 

each criterion under the linguistic scale ( 0,1, ..., 6)gs g   were calculated and presented 

in Table 7 before the ( 1,2,...,5)thu u   largest value was derived along with its corresponding 

criterion, which is shown in the form of 
1 1( ) / ( )g gEDF u C u  in Table 8. Meanwhile, the criteria 

sets 
1 ( )g u   

with the largest to the thu   largest value of 
1 ( )jEDF g   are shown in Table 9. 

Based on the given fuzzy measures of the five criteria, the fuzzy measures of the subsets 

of  1 2 5, ,...,C C C C   were derived using Equation (6). For example, 

1 2 3max{( ( ), ( ), ( )}C C C    = max{0.9,0.6,0.8} = 0.9. Likewise, the fuzzy measures of all the 

subsets in Table 9 could be obtained, and the results are presented in Table 10. Based on 

the obtained fuzzy measures, the weights of 
1 ( )gC u  were calculated using Equation (7), 

and the results are shown in Table 11. 

According to the ranked values of the exceedance distribution function in Table 8 and 

the weight of 
1 ( )gC u   in Table 11, the aggregated comprehensive values for student A1 

under each linguistic scale could be obtained, which are shown in Table 12. Likewise, the 

aggregated comprehensive values for the other students could also be derived and are 

presented in Table 12. The detailed calculation process for the four students via the PEM 

can be found in Supplementary Tables S6 to S11. Afterward, the comprehensive values for 

the four students were derived using Equation (9), and the results are shown in Table 13. 

Finally, the final scores of the four students were computed using Equation (10), and the 

results are 
1( ) 86.6667S A  , 

2( ) 60.8333S A  , 
3( ) 70.3333S A  , and 

4( ) 69.0000S A  . 

Table 6. The probability distribution of the collective evaluation values for student A1. 

Criteria s6 s5 s4
 

s3
 

s2 s1 s0 

1C  0.0 0.4 0.3 0.3 0.0 0.0 0.0 

2C  0.1 0.8 0.1 0.0 0.0 0.0 0.0 

3C  0.3 0.7 0.0 0.0 0.0 0.0 0.0 

4C
 0.5 0.4 0.1 0.0 0.0 0.0 0.0 

5C  0.0 0.9 0.1 0.0 0.0 0.0 0.0 

Table 7. The exceedance distribution function values of student A1 under five criteria. 

EDF1j s6 s5 s4
 

s3
 

s2 s1 s0 

EDF11 0.0 0.4 0.7 1.0 1.0 1.0 1.0 

EDF12 0.1 0.9 1.0 1.0 1.0 1.0 1.0 

EDF13 0.3 1.0 1.0 1.0 1.0 1.0 1.0 

EDF14
 

0.5 0.9 1.0 1.0 1.0 1.0 1.0 

EDF15
 

0.0 0.9 1.0 1.0 1.0 10 1.0 

Table 8. The thu  largest value of 
1 ( )gEDF u

 
and its corresponding

 1 ( )gC u . 

u s6 s5 s4
 

s3
 

s2 s1 s0 

1u   0.5/C4 1.0/C3 1.0/C2 1.0/C1 1.0/C1 1.0/C1 1.0/C1 

2u   0.3/C3

 
0.9/C2 1.0/C3 1.0/C2 1.0/C2 1.0/C2 1.0/C2 

3u   0.1/C2 0.9/C4 1.0/C4 1.0/C3 1.0/C3 1.0/C3 1.0/C3 

4u 
 

0.0/C1 0.9/C5 1.0/C5 1.0/C4 1.0/C4 1.0/C4 1.0/C4 

5u 
 

0.0/C5 0.4/C1 0.7/C1 1.0/C5 1.0/C5 1.0/C5 1.0/C5 
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Table 9. The criteria subsets with the largest to the thu  largest value of 
1 ( )jEDF g . 

u s6 s5 s4
 

s3
 

s2 s1 s0 

u = 1 4{ }C
 3{ }C

 2{ }C  
1{ }C  

1{ }C
 1{ }C

 1{ }C
 

u = 2 3 4{ , }C C  
2 3{ , }C C  

2 3{ , }C C  
1 2{ , }C C  

1 2{ , }C C
 1 2{ , }C C

 1 2{ , }C C
 

u = 3 2 3 4{ , , }C C C  
2 3 4{ , , }C C C  

2 3 4{ , , }C C C  
1 2 3{ , , }C C C  

1 2 3{ , , }C C C
 1 2 3{ , , }C C C

 1 2 3{ , , }C C C
 

u = 4 1 2 3 4{ , , , }C C C C  2 3 4 5{ , , , }C C C C  2 3 4 5{ , , , }C C C C  1 2 3 4{ , , , }C C C C  1 2 3 4{ , , , }C C C C  1 2 3 4{ , , , }C C C C  1 2 3 4{ , , , }C C C C  
u = 5 1 2 3 4 5{ , , , , }C C C C C  1 2 3 4 5{ , , , , }C C C C C  1 2 3 4 5{ , , , , }C C C C C  1 2 3 4 5{ , , , , }C C C C C  1 2 3 4 5{ , , , , }C C C C C  1 2 3 4 5{ , , , , }C C C C C  1 2 3 4 5{ , , , , }C C C C C  

Table 10. The fuzzy measures of the criteria set 
1 ( )t

j u  for student A1. 

u s6 s5 s4
 

s3
 

s2 s1 s0 

u = 1 0.7 0.8 0.6 0.9 0.9
 

0.9
 

0.9
 

u = 2 0.8 0.8 0.8 0.9 0.9
 

0.9
 

0.9
 

u = 3 0.8 0.8 0.8 0.9 0.9
 

0.9
 

0.9
 

u = 4 0.9 0.8 0.8 0.9 0.9 0.9 0.9 

u = 5 1.0 1.0 1.0 1.0 1.0 1.0 1.0 

Table 11. The weight of the criterion with the thu  largest value of 
1 ( )gEDF u .

 

u s6 s5 s4
 

s3
 

s2 s1 s0 

u = 1 0.7 0.8 0.6 0.9 0.9
 

0.9
 

0.9
 

u = 2 0.1 0.0 0.2 0.0 0.0
 

0.0
 

0.0
 

u = 3 0.0 0.0 0.0 0.0 0.0
 

0.0
 

0.0
 

u = 4 0.1 0.0 0.0 0.0 0.0 0.0 0.0 

u = 5 0.1 0.2 0.2 0.1 0.1 0.1 0.1 

Table 12. The aggregated comprehensive values of the students under each linguistic scale. 

Students s6 s5 s4
 

s3
 

s2 s1 s0 

A1 0.38
 

0.88
 

0.94 1.00 1.00
 

 1.00
 

1.00
 

A2 0.00 0.08 0.63 0.94 1.00  1.00 1.00 

A3 0.00 0.48 0.85  0.96 1.00  1.00 1.00 

A4 0.00 0.36 0.78 1.00  1.00  1.00 1.00 

Table 13. The comprehensive values for the students under each linguistic scale. 

Students s6 s5 s4
 

s3
 

s2 s1 s0 

A1 0.38
 

0.50
 

0.06 0.06 0.00
 

0.00
 

0.00
 

A2 0.00 0.08 0.55 0.31 0.06 0.00 0.00 

A3 0.00 0.48 0.37 0.11 0.04 0.00 0.00 

A4 0.00 0.36 0.42 0.22 0.00 0.00 0.00 

4. Discussion 

During the PEM-based evaluation of students’ online PBL performance over the 

sustainability course, one significant feature was that it eliminated the need to determine 

the weight distribution of the criteria by providing the fuzzy measures to the criteria by 

the experts. To avoid individual preferences and bias, the ratings from an expert panel 

were collected instead of applying the fuzzy measure presented by a single expert. In this 

section, an analysis is first carried out to investigate the evaluation results of applying 

different fuzzy measures provided by each expert. As shown in Table 5, the fuzzy 

measures provided by different experts in representing the relative importance of criteria 

are distinctive. By applying each vector of fuzzy measures provided by individual experts, 

students’ final scores were derived and are illustrated in Figure 3. In Figure 3, the rankings 
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of four students based on their final scores are mostly 
1 3 4 2A A A A   , except for the case 

of expert 4, where the inverse orders are found between 3A  and 4A . Furthermore, by 

averaging the scores of each student under five vectors of fuzzy measures, the final scores 

of the students were derived as 
1( ) 86.6667S A   , 

2( ) 60.8333S A   , 3( ) 70.3333S A   , and 

4( ) 69.0000S A  , which are exactly the same as the results obtained in the previous section 

when the average fuzzy measures were applied for the evaluation. In practical se�ings, 

the fuzzy measures can be collected from a larger pool of experts to ensure a more 

comprehensive and representative evaluation. By utilizing the mean values of the fuzzy 

measures provided by these experts, the PEM algorithm’s results remain reliable and 

unbiased. Therefore, this approach significantly improves the evaluation efficiency for 

teachers while minimizing potential inaccuracies or biases. 

Furthermore, to establish the reliability of the PEM evaluation approach in assessing 

students’ online PBL performance, sensitivity analyses were conducted by assigning 

variable values of the fuzzy measures to each criterion. In each scenario, the scores of four 

students were calculated. Initially, various values of fuzzy measures were assigned to the 

criterion of mastery of content (C1), specifically 0.5, 0.6, 0.7, 0.8, 0.9, and 0.95, while 

maintaining the same fuzzy measures for the other criteria as in the previous case study, 

namely 
2( ) 0.6C  , 

3( ) 0.8C  , 4( ) 0.7C  , and 
5( ) 0.4C  . In this scenario, the scores of 

the students were obtained and are displayed in Figure 4. The evaluation outcomes of the 

four students demonstrated minimal variations. As indicated in Figure 4, the final score 

of student A1 remained unchanged, while the scores of the other three students exhibited 

a slight increase as the importance of C1 increased. Despite the inverse order of rankings 

between A3 and A4 when the fuzzy measure of C1 approached 0.70, the maximum score 

difference between them was only approximately 2 points when the fuzzy measure of C1 

was assigned a value of 0.50. 

 

Figure 3. Students’ final scores obtained based on the fuzzy measures of the criteria provided by 

five experts. 

E1 E2 E3 E4 E5 Average scores

A1 86.6667 88.6667 87.0000 84.6667 86.3333 86.6667

A2 61.0833 62.5000 60.8333 60.2500 59.5000 60.8333

A3 70.8333 73.0000 70.3333 68.0000 69.5000 70.3333

A4 69.5833 69.0000 69.5000 68.4167 68.5000 69.0000
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Figure 4. The scores of four students with varying values of fuzzy measures for C1. 

Similarly, the impact of the varying values of fuzzy measures for C2, C3, C4, and C5 

on students’ scores was also investigated and is displayed in Figure 5. The sensitivity 

analysis data for the five criteria are detailed in Supplementary Tables S12 to S16. This 

figure also demonstrates a relatively consistent ranking of 
1 3 4 2A A A A   . In Figure 5, the 

most obvious changes in students’ scores are found for student A1 in Figure 5b and for 

student A2 in Figure 5d, when collaboration and contribution (C3) and online engagement 

(C5) are a�ached with higher importance, respectively. Meanwhile, it can be observed that 

the scores of student A4 are the most steady under any given case, with only a minor 

increase occurring in Figure 5c when different fuzzy measures are assigned to knowledge 

application (C4). Similarly, the tendency of inverse rankings between A3 and A4 can be 

noticed for most scenarios except in the analysis for sustainability integration (C2) in 

Figure 5a, where the scores of A3 and A4 seem to be constant. Therefore, based on the 

sensitivity analysis, it can be inferred that the scores obtained by students are only slightly 

influenced by the variations in fuzzy measures across the criteria. In addition, the 

subjective nature of determining the values of fuzzy measures does not significantly 

impact the derivation of a reasonable assessment result. 
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(c) (d) 

Figure 5. (a) The scores of four students with varying values of the fuzzy measures for C2; (b) the 

scores of four students with varying values of the fuzzy measures for C3; (c) the scores of four 

students with varying values of the fuzzy measures for C4; (d) the scores of four students with 

varying values of the fuzzy measures for C5. 

In regards to the practical application of the PEM-based evaluation approach, it can 

be applied in a range of evaluation cases in PBL. For other curricula, a brief evaluation 

index system needs to be re-established by collecting the pertinent criteria representing 

the key evaluation dimensions towards the achievement of the teaching goal. Meanwhile, 

if many projects are involved in PBL, they can be bundled or divided into multiple phases 

to simplify the assessment process. For example, if seven projects ( 1,2,...,7)kP k    are 

involved, the assessment can be carried out three times by grouping projects P1 and P2, 

projects P3 and P4, and projects P5, P6, and P7 in three phases, respectively. By assigning 

specific weights to each phase, the PEM can be effectively utilized using Matlab R2020a 

software to calculate and derive students’ scores in an efficient manner. Although the 

equations of the PEM-based algorithm for evaluating students may appear complex, it is, 

in fact, a relatively straightforward process as observed in the case study’s calculation. 

Given the ongoing technological advancements, the PEM-based evaluation algorithm has 

the potential to be seamlessly integrated with various evaluation applications and 

software that are already installed on phones or computers. This integration renders it 

incredibly user-friendly and convenient for teachers who may not have a strong 

background in mathematics, thus eliminating any potential barriers to effective 

assessment.  

In terms of the limitations of this study, the greatest subjectivity of the proposed 

model lies in teachers’ judgement of student performance from various measuring 

dimensions. To represent students’ performance via this PEM-based model, teachers are 

required to present linguistic variables for assessment, which may sometimes be unfair or 

too subjective, especially when only one teacher is in charge of students’ performance 

evaluation. To address this issue, a team of teachers, comprising a minimum of three 

members, should provide individual evaluations prior to reaching a consensus on each 

assessment data point. Moreover, to enhance the objectivity of the original evaluation 

data, students’ performance under certain criteria, such as mastery of content (C1), can be 

reflected via exams or tests. After the scores are obtained in the form of real numbers, they 

can be converted to linguistic variables based on the same linguistic term set. An example 

of a conversion from score ranges to the corresponding linguistic variables is shown in 

Supplementary Table S5. Afterward, all the linguistic variables can be processed using the 

PEM-based algorithm so as to derive students' comprehensive evaluation scores.  

Another factor of subjectivity lies in the number of criteria applied for students’ 

evaluations. While theoretically, the use of a comprehensive set of detailed criteria may 

lead to more accurate evaluation results, it can also increase the workload for teachers as 

each student needs to be evaluated against multiple criteria within a single project. On the 

other hand, if the number of criteria is quite limited, the selected criteria would not be able 
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to cover the key assessment aspects of student performance in the online PBL. Therefore, 

it is important to balance the level of detail and the burden on teachers when selecting 

criteria for evaluation. To achieve this, it is advisable to base the number of criteria on the 

consensus of an expert panel, which typically falls within the range of four to seven 

criteria. Furthermore, the assignment of weights to projects involves a certain level of 

subjectivity. In the case study, five projects with diverse thematic focuses, objective 

orientations, evaluation emphases, and varying levels of complexity and practicality are 

described. This intricate scenario renders it challenging to determine the relative 

significance of the weight distributions across the five projects, which could be determined 

using techniques like the AHP or the best-worst method (BWM). Consequently, achieving 

a more reasonable weight distribution outcome is a crucial aspect that warrants further 

consideration in future studies regarding student evaluation in online PBL courses. 

5. Conclusions 

Online PBL for courses on sustainability in universities can provide an effective and 

engaging way to teach and learn about complex sustainability engineering issues. Given 

the distinct project characteristics, personal interests, and varying motivations among 

students in online PBL, it is crucial to assess their performance accurately and 

comprehensively over individual projects. To facilitate the evaluation of engineering 

management students participating in an online PBL course on sustainable decision 

analysis, a multi-project evaluation framework based on the PEM was implemented. First 

and foremost, a succinct evaluation index system for assessing students’ performance was 

established through literature reviews and questionnaire surveys, which involved the 

criteria of mastery of content (C1), sustainability integration (C2), collaboration and 

contribution (C3), knowledge application (C4), and online engagement (C5). Afterward, 

linguistic variables that aligned more closely with human expression habits were 

employed to assess students’ performance, and the fuzzy measures of the criteria 

representing their relative importance were assigned by experts or teachers. Finally, 

student’s scores were obtained via the PEM by aggregating the evaluation values 

presented in linguistic probability distributions. To be�er clarify the evaluation process, 

the performance of four students within a study group was assessed over five projects, 

and the final scores of the four students were 86.67, 60.83, 70.33, and 69.00, respectively.  

In this PEM-based algorithm, by assigning fuzzy measures to the criteria, there is no 

need to determine the weight distribution of the criteria. Despite the subjective nature of 

determining the values of fuzzy measures, it was proven that varying values of fuzzy 

measures of each criterion did not significantly impact the derivation of consistent and 

stable assessment scores. Moreover, to ensure a more comprehensive and representative 

evaluation, the fuzzy measures can be collected from a broader range of experts. By 

utilizing the mean values of these measures, it was proven that the PEM algorithm could 

generate reliable and unbiased results. Another advantage of the PEM-based algorithm is 

that it enables the aggregation of linguistic evaluation information presented in 

probability distributions, which is a common data format encountered during multi-

project evaluations of student performance in linguistic environments. Lastly, the 

calculation of the PEM-based algorithm for evaluating students is relatively 

straightforward and accessible to teachers from diverse academic backgrounds. 

In regard to the practical significance of this work, the proposed framework evaluates 

engineering students across multiple projects by providing a holistic view of their 

capabilities, skills, and knowledge application, thus ensuring a more comprehensive and 

nuanced assessment of their performance. Meanwhile, by flexibly adjusting the evaluation 

criteria and weights based on different projects and course objectives, it can be tailored to 

different educational contexts for diverse educational se�ings. In terms of its social 

justifications, by automating the evaluation process through the PEM algorithm, this 

study can significantly improve evaluation efficiency for teachers, allowing them to focus 

on other educational tasks while ensuring accurate and reliable results. It also benefits 
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students by providing timely feedback on their performance in each project, allowing 

them to refine their learning strategies and approaches. Furthermore, by integrating 

sustainability into the evaluation framework, this research sends a powerful message to 

engineering students about considering the environmental, social, and economic impacts 

of their professional work. Doing so ensures that graduates are equipped with the 

necessary awareness and responsibilities required in their future careers, which aligns 

with broader social objectives of promoting sustainable development and environmental 

awareness. 
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