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Abstract: Student engagement in online learning is very important for assessing learning effectiveness. However,
the process of learners’ engagement, including its rise, stability, and decline, is complex and uncertain. Therefore,
the student’s online learning engagement assessment method is developed based on g-Rung Orthogonal Trapezoidal
Fuzzy Numbers (g-ROFTrNs) in this paper. First, an g-rung orthogonal trapezoidal fuzzy Yager operator is designed.
Second, a derived feature weight method is developed based on the Criteria Importance Through Intercriteria Correlation
(CRITIC) under the g-ROFTrNs environment, which not only overcomes the shortcomings of specified weights but also
has objectivity. Third, an integrated g-Rung Orthogonal Trapezoidal Fuzzy Number Decision-Making (¢g-ROFTrNDM)
method is explored. This method combines fuzzy distance, Yager operator, CRITIC method, and score function to achieve
a comprehensive and dynamic assessment of students’ engagement. The assessment results of the g-ROFTrNDM method
indicate that students’ online learning engagement aligns with expert assessment outcomes. Parameter sensitivity analysis
reveals that the proposed g-ROFTrNDM method does not alter the assessment results of the most engaged students.
Comparative analysis demonstrates that ¢-ROFTrNDM achieves a higher engagement score than 0.929, outperforming
competing methods. Additionally, the g-ROFTrNDM method boasts a computation time of less than 10 ms. Therefore,
the implementation outcomes confirm the feasibility and effectiveness of g-ROFTrNDM.

Keywords: Yager operator, online learning, g-rung orthopair trapezoidal fuzzy number, Criteria Importance Through
Intercriteria Correlation (CRITIC)
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1. Introduction

Decision-Making (DM) methods have been widely applied in complex, ambiguous, and dynamic environments.
Many classical DM methods exist, such as Technique for Order Preference by Similarity to Ideal Solution (TOPSIS),
Criteria Importance Through Intercriteria Correlation (CRITIC) [1]. These methods have been applied in decision
assessment, and with the development of fuzzy sets, corresponding DM methods have also emerged [2]. Since Zadeh
proposed the concept of fuzzy sets, fuzzy theory has been widely applied to Multi-Attribute Decision-Making (MADM)
[3]. To represent the attitude information of decision-makers, Atanassov further proposed Intuitionistic Fuzzy Sets (IFS)
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[4], which is an attractive approach to dealing with fuzzy and inaccurate data. IFS is defined by membership (#) and non-
membership (v), and u+v < 1[5]. Yager further introduced the Pythagoras Fuzzy Sets (PFS) [6, 7] and g-Rung Orthopair
Fuzzy Sets (¢-ROFS) [8] as useful extensions of IFS and PFS, where ((#)?+ (v)? < 1) [9]. As the value of ¢ increases, the
g-ROFS becomes more suitable for uncertain environments [10]. With the development of fuzzy sets, researchers have
developed Trapezoidal Fuzzy Number (TrFN) and triangular fuzzy numbers. The TrFN can well represent the dynamic
processes of rising, stable, and falling. Therefore, it has received significant engagement from researchers, and different
TrFN with different fuzzy sets have been developed, such as TrFNs [11], Trapezoidal Intuitionistic Fuzzy Sets (TrIFNs)
[12], etc. However, in some cases, TrEN does not fully meet the requirements of real DM, where the u+v > 1 [13]. To
address this issue, inspired by the ideas of g-ROFS and TrFNs, researchers introduced the g-rung Orthopair Trapezoidal
Fuzzy Numbers (g-ROFTtrNs) [14]. The membership degree of the developed g-ROFTrNs is the same as that of TrFNs,
and it can well represent the dynamic processes of rising, stable, and falling. Moreover, the non-membership degree of
q-ROFTrNs can capture dynamic patterns of decline, stability, and rise [15]. Compared with TrIFNs, g-ROFTrNs need
to satisfy (#)? + (v)9 < 1. Therefore, it provides more freedom for decision-makers. At the same time, the membership
degree change process of g-ROFTrNs is similar to the state change process of learners during online learning. However,
the research on using g-ROFTrNs to represent engagement degree requires further exploration. This paper will examine
the g-ROFTrNs representation features of online learning engagement degree [16].

In the process of MADM, it is necessary to aggregate the opinions of different experts; the aggregation operator
is used to fuse the opinions of different experts [17]. For this purpose, researchers have developed a large number of
aggregation operators, such as weighted average, Yager, Bonferroni Mean (BM), etc [18-20]. Among them, the Yager
operator [20] is an operator commonly used in fuzzy reasoning and DM. It has the advantages and characteristics of
nonlinearity, robustness, adjustability, representativeness, and ease of understanding, and is suitable for fuzzy reasoning
and DM problems in various fuzzy environments [21]. In different fuzzy sets, the Yager operator has also been extended,
such as the Zadeh fuzzy Yager operator, intuitionistic fuzzy Yager operator, g-rung orthogonal Yager operator, and interval-
valued ¢g-rung orthogonal Yager operator. However, there is currently no research on Yager operators under the g-ROFTrNs
environment. This paper will address this gap and apply it to aggregate information in MADM.

However, in the process of aggregating information, the attribute weights are the key for DM. Therefore, researchers
have proposed a large number of methods for deriving attribute weight. There are subjective methods, such as the Analytic
Hierarchy Process (AHP) [22] and judgment matrices [23]. And objective methods, such as entropy weight, deviation
maximization, variance maximization, CRITIC, etc [24, 25]. Among them, the CRITIC is objective and efficient, and
is often used to derive real-time weight in objective environments [26, 27]. Since the engagement assessment of online
learning often requires feedback, this paper will adopt the CRITIC method to derive the feature weights of student online
learning engagement.

As a key indicator of cognitive engagement in online learning, engagement not only reflects learning efficiency but
also provides feedback for teaching strategies. However, current research faces two major challenges. The lack of aunified
definition of the multi-dimensional characteristics of engagement hinders the standardization of assessment, and the large
class size and limited monitoring capabilities highlight the limitations of traditional methods (manual observation), which
are highly subjective and imprecise. Assessing the online learning engagement often requires consideration of multiple
features [28]. Existing research commonly uses individual features such as facial cues, gaze, posture, and head position,
or combines multiple features [29]. In the context of multiple features, researchers proposed engagement assessment
methods that integrate multimodal, heterogeneous data-especially through the fusion of facial and physiological data.
These methods commonly rely on deep learning networks that have long learning times and low efficiency, and room for
improvement in accuracy [30]. As a result, some scholars have proposed a fuzzy fusion method [31], which offers greater
efficiency. However, most existing fuzzy assessment models are based on Zadeh fuzzy sets, which limits the precision of
the assessment. Therefore, the ¢-ROFTrNs is used to represent features and develop an operator to fuse data of various
features.

To sum up, the Yager operators and the CRITIC method demonstrate strong applicability in practical DM problems.
However, Yager operators and the CRITIC method remain underdeveloped within the g-ROFTrN environment. However,
there are still some research gaps that remain unresolved. Therefore, the main motivations for this study are as follows.
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(1) Although ¢g-ROFTrNs have been widely promoted and applied, the Yager operator has yet to be developed under
the g-ROFTrN environment.

(2) While existing DM methods are based on g-ROFTrNs, a CRITIC-based method tailored to the g-ROFTrN context
still needs to be established.

(3) Although deep learning-based online learning assessment models show high accuracy, they require substantial
computational resources [32]. New fuzzy DM methods need to improve efficiency in assessing complex and uncertain
online learning engagement.

The g-ROFTrNs effectively represent complex scenario data adhering to trapezoidal variation patterns. Meanwhile,
online learning engagement exhibits dynamic processes of rising, stabilizing, and declining. Therefore, the primary
objective of this study is to develop an MADM method based on g-ROFTrNs. To achieve this, we first design a Yager
operator for aggregating g-ROFTrNs by leveraging their advantages. On this basis, we develop an efficient MADM
method for assessing complex and uncertain online learning engagement under a g-ROFTrN environment. To better
accomplish the development of the MADM method for g-ROFTrNs, this paper proposes the g-Rung Orthopair Trapezoidal
Fuzzy Yager Weighted Averaging (¢g-ROFTrNY WA) operator and MADM method based on g-ROFTrNs, and applies them
simultaneously to online learning engagement assessment. Therefore, the main innovations of this study are summarized
as follows:

(1) The g-ROFTrNY WA operator is developed, and its mathematical properties are established.

(2) An integrated MADM method g-Rung Orthogonal Trapezoidal Fuzzy Number Decision-Making (g-ROFTrNDM)
is proposed based on ¢g-ROFTrNs, which combines fuzzy distance, Yager operator, CRITIC method, and score function
to achieve a comprehensive assessment of students’ online learning engagement.

(3) The proposed g-ROFTrNDM is applied to assess online learning engagement by fusing the expert assessment
values of multiple features (body posture, gaze, head posture, facial expressions). The comparison results confirm that
the proposed g-ROFTrNDM is superior to the Principal Component Analysis method, the Expert Scoring Method, and
the Factor Analysis method. Meanwhile, operator comparison analysis, sensitivity analysis, and time complexity analysis
have all confirmed the stability and effectiveness of the g-ROFTrNDM method under various parameter settings.

The rest of this paper is organized as follows: Section 2 introduces the fundamental concepts required for this
study, including g-ROFTrNYWA, score function, and distance formula under ¢g-ROFTrNs. Section 3 details the g-
ROFTrNYWA operator. Section 4 describes the g-ROFTrNDM. Section 5 provides experimental case studies and
compares the performance of the assessment method based on the g-ROFTrNY WA operator with that of the g-ROFTrNDM
method. Section 6 discusses the advantages and limitations of the g-ROFTrNDM, and gives future research directions.
Section 7 concludes the paper.

2. Preliminaries
2.1 Summary of notation and variables

The mathematical symbols and variables mentioned in section 2 and 3 are all defined in Table 1. It is recommended
that readers refer to this table at any time during their reading to clarify the meaning of the symbols.
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Table 1. Summary of notation and variables

Abbreviation Full term Abbreviation Full term
q g-rung parameter C; Importance index of feature j
y Yager norm parameter s Standard deviation of feature j
a ¢-ROFTIN qjk Correlation between features j and &
u Membership degree Y Expert assessment matrix for group ¢
v Non-membership degree D q-ROFTrN matrix for group ¢
T Hesitation degree R\ Normalized decision matrix
S(a) Score function INQ(t) Aggregated engagement value for group ¢
H (a) Accuracy function INQ final Final aggregated engagement value
d (E, Z) Distance between two ¢g-ROFTrNs m Total number of images
Dy Yager sum operator n Number of features
®y Yager product operator T Number of groups
wi Weight of feature j k Images per group

2.2 Q-rung orthopair trapezoidal fuzzy number

Definition 1 [33] Let X be the universe of discourse; A = {{x, ua(x), va(x)) |x € X } is g-ROFS on the universe X,
the degree of membership uy : X — (0, 1), and the degree of non-membership v4 : X — (0, 1), and they are satisfied by

the following formula (1).

0 < (ua(x))? + (va(x))* < 1,

where g > 1, and the degree of hesitation 74 (x) can be expressed as:

74 (x) = /1 (ua(0))7 + (va(x))9(g > 1).

(M

@)

Definition 2 [34] Leta = (a, b, ¢, d, u;, vJ’) be a g-ROFTIN, and its membership function and non-membership
function, respectively, satisfy formulas (3) and (4):

ary Math tics

/

ug(x) =

(x —a)ug

(x—d)uy

b —a ,if (a <x < D)

u;, if (b<x<c)

a

d_C”,if(c<x§d)

0, if(x<a, x>d)

3)
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(b—x+v) (x—a))

o Jif(a<x<b)
vy L if(b<x<o)

va(x) = "’
et W02 t(e<xza)
L, if (x <a, x> d).

Where ) is the maximum degree of membership of @ and v} is the minimum degree of non-membership of @, which
satisfy 0 <u;7+v;7<1land0<uz7<1,0<v;2<1.

Definition 3 [34] Let @ = (ay, ay, a3, as; ug, vz) and b = (b1, ba, b3, ba; uz, v;) be two g-ROFTIN; y > 0 is
random number; then, the following equations hold:

Aob= (a1+b1, ax+ba, a3 +b3, ag+bas Y ug®+uzd —uzfuzd, vavy) ©)

a®b= (arby, axby, azbs, asbs; uguy, /v +v;7—vgvy) (6)
ya= (7“17 Yaz, vas, Yas; /1 — (1 —uz9)?, Vay) @)

&= (a7, a7, @, gt ug?, YT=(1=vg9)7). ®)

For any two real numbers a and b € (0, 1), when p = 1, the Yager operator reduces to the bounded sum and bounded
product operators. As p approaches infinity, the Yager operator converges to the max and min operators. The “A” denotes
the minimum operator, which returns the smaller of the two values.

Definition 4 [35] The sum and product definitions of the Yager operator are as shown in formulas (9) and (10):

a®yb=1A(@+6)7, pell, +oo) ©
a®yb=1-1A((1—a)’ +(1-b)")7, pe|l, +oo). (10)

2.3 Fuzzy distance and score function formula

In this paper, the decision matrix attribute weight solution requires calculating the distance [12] between g-ROFTrNss,
while the DM method requires solving the score function of g-ROFTrNs. Inspired by the distance in Peng [36], this paper
presents the distance definition of g-ROFTrNs, as shown in Definition 5.

Definition 5 [34] For any two a = (a1, a2, a3, as; ug, vz) and b = (bl, ba, b3, ba; ug, vfl;) g-ROFTrNs, where the
distance is as shown in formula (11) g > 1.
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ap

¢ 1—|—MZ~

4
Va

—bra) 14+ul—2
V b
—by g/ 1+u%—vg

q

V b
az{/ 1—|—1,t:’7—vf7 5
o~ 1
d(@b) =g (11)
a3/ 1+ul—vi —b3 g/ l+u%fv%
asy/ 1—|-Mgv—ch7 —by g/ 1+u%—v%

Among them, 0 < d (5, Z) <l;d (5, E) =d (E, Ei) ;d (27, Z) =0, ifandonlyifﬁ:g, ifaChC ¢,thend (5, E) <
d(d@, &) andd (Z, '5) <d(d o).

A variety of scoring functions have been proposed and are widely used for ranking intuitionistic fuzzy sets [37, 38].
These functions provide effective decision support for decision-makers. The score function and the accuracy function are
presented as Definition 6 and Definition 7.

Definition 6 [34] Let a = (a1, az, a3, as; ugz, vz) is a g-ROFTIN, where ¢ > 1. The score function S is defined as
shown in formula (12).

(a1 +ar+az +a4)

S(@) = . ug —vg). (12)

X
—~

Definition 7 [34] Let a = (ay, az, a3, aa; ug, v;) is a g-ROFTIN, where ¢ > 1. The definition of the accuracy
function S is as shown in formula (13).

(a1 +ax+az+as)
4

H (@) = x (g1 + 7). (13)

Obviously, the accuracy function H reflects the degree of accuracy of @ and a becomes more accurate as H increases.
And the comparison method of g-ROFTrNs can be determined based on definitions 6 and 7.

Definition 8 [34] Suppose a = (ai, a2, a3, as; ug, vz) and b = (b1, ba, b3, ba; ug, vz) are two g-ROFTrNs, where
g>1,5()and S (E) are the score values of @ and b respectively, H () and H (Z) are the accuracy values of @ and

b respectively. Then, the sorting method of g-ROFTrNs is introduced as follows:
(1) When S (@) > § (Z), then @ > b; (2) When S (@) < S (Z), then @ < b; (3) When S (a@) = S (Z;), ifH (@) > H (Z)

thend@ > b; if H(@) < H (Z) thend < b; if H(@) = H (Z), then @ = b.

3. Q-rung orthopair trapezoidal fuzzy Yager operator

Inspired by the ¢-ROFTrN and the Yager operator, the rules for addition, multiplication, number multiplication, and
exponentiation under the g-ROFTrN environment can be derived as shown in formulas (14)-(17).

Definition 9 Leta = (a1, az, a3, as; uy, vi)sumb = (by, by, b3, ba; up, vp) are two g-ROFTrNs, where g > 1, y >
1, A > 0, then the addition, multiplication, number multiplication, and power operation rules of the Yager operator for
the g-ROFTrN are as shown in formulas (14) to (17).
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a1 +by, ay+by, a3 +b3, ag+ by,
adb= 1 (14)
1 s 1
(/min{l, (u]W—FMZCD’)?}, {I/l—min{l, ((l—vlq)}—k(l—vzq)y)-"}

aiby, axby, azbs, asby,
a®b= 1 1 (15)
{’/1 —min{l, (1=w?y+(1- uzq)y)?}, (/min{l, (vlqy.i_quy)_?}

la::<1a17ka2,la3,la4,@Anhl{l7(lu%);},ﬁ/l—nﬁn{l,(l(l—wﬂY);}> (16)

at = <a%, a, ds, df, (/l—min{l, (l(l—uq)y)%}, {v’/min{l7 (),vqy);}> . a7

The rules of the Yager operator on g-ROFTrNs form the basis of the definition of the g-ROFTrNY WA operator.

Definition 10 Let a; = (ai;, az;, a3;, as;; Uq,, ve;) (i =1, 2, ..., n) is a set of g¢-ROFTINs, where y > 1, g > 1,

n
w=(wy, wa, ..., wn)T is the weight vector. w; > 0, Zwi = 1. Then the g-ROFTrNYWA operator is as shown in

i=1

formula (18).
g-ROFTINYWA (a1, a, ..., a,) =, wia;. (18)
Theorem 1 Let a; = (ai;, az;, a3;, aa;; g, ve;) (i =1, 2, ..., n) is a set of g¢-ROFTINs, where y > 1, g > 1,
n

and w = (wy, wa, ..., w,{ ) is the weight vector. w; > 0, Zw,- = 1. Then the -ROFTtNYWA operator calculates the

i=1
expression as shown in formula (19), and the result is a g-ROFTrN.

q-ROFTINYWA (a1, a2, ..., a,)

n

_ @
= = Widi

n n n n
Z Wwidi, Z Widiz, Z widi3, Z Widiq;
=1 =1 i=1 i=1

1

n y
qnm11,<2wx%ﬁy> ,ql—mm{L
i=1

(19)

(ngE

(wi (1 —Vaiq)y)y}

1

Proof. We prove this theorem using mathematical induction.
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Step 1: For n = 1, when there is only one g-ROFTrN, the weight vector contains only w; = 1, as shown in formula
(20):

¢-ROFTINYWA (a)

= wia)

L 1
= (Wlan, wiai, wiaiz, widis; (/min{l, (w1 (uzl)))y}, i’/l—miﬂ{l» (wi (1 —Valq)y)"'}> : (20)

Since wi = 1, the calculation of membership and non-membership simplifies, as shown in formula (21):

{’/min{l, ((uzl)y)«‘l'} =y, (/lmin{l, ((1v21)y)>1'} =g (21)

Since ((uzl)y)% =uf, and ((1-v{, )))% =1—v{ andug, <1, (1—v{) <1, the min operators can be removed, as

shown in formula (22):

g-ROFTINYWA (a;) = <a11, ap, aiz, ais; \/ud,, \q/l—(l—va,")> = (ai1, a2, a13, a14; Ua,,ve,).  (22)

Therefore, if the result is the same as the a; original, the result satisfies formula (19).

Step 2: For n = 2, let us consider two g-ROFTrNs a; and ap with weights w; and wy (w; +wy = 1). According
to the Yager operation rules, the trapezoidal parameters are combined by linear weighting: (wjai; + waaiz, wiaz +
Waa, W1a31+waazy, widsl +waag).

For the membership degree, as shown in formula (23):

(23)

==
——

. if/min{l, (1 (1 7Y + w2 (1))

For the non-membership degree, as shown in formula (24):

V= {f/l—mm{l, (wi (1=vE)) +wy (1—vE))>

}. (24)
This shows the formula holds for n = 2.
Step 3: Suppose n = k, then for any k£ g-ROFTIN, ay, ..., a;. The result of the aggregation as shown in formula (25):

g-ROFTINSYWA (ay, az, ..., a;)
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1

1
k k k y k y
ngail, . ngai‘;; (| min{1, (Zw; (uZi))) ;11 —min{ 1, (ng(lvzi)y>
i=1 i=1 i=1 i=1

w
Where w/} =

(25)

k

' are normalized weights. For n = k+ 1, as shown in formula (26):
2w
j=1

q-ROFTINYWA (ay,

s e) = (Dhowiar) © Wi 1@

(26)
Using the assumption and the operation rules for n = 2, we combine the aggregated result of the first k£ elements with
the (k+ 1)th element. The trapezoidal parameters are linearly combined through weighted addition.

For the membership degree, we apply the Yager operation rule, as shown in formula (27):

ay
u=y min{l, ((min{l, <iw;(ugi)y)1/)}> + (min {1, { (w1 (. )Y PP
i=1

(27)
in formula (28):

Since all weights sum to 1 and membership degrees are bounded, the inner min functions can be eliminated, as shown

1/y

k

u= ‘'min< 1, (Zwﬁ(uz’,)y—l—wkﬂ(uzk+l)y) :
=1

_— w
Substituting w! =

(28)
, k
. _ and noting that Z w;j =1 —wy41, as shown in formula (29)
j=1
Y v
j=1
k+1 1y
u= Y min{ 1, <Zwi(uzi)y> ) (29)
i=1

A similar derivation applies to the non-membership degree v, completing the inductive step. By mathematical
induction, Theorem 1 holds for all positive integers .

At the same time, the g-ROFTrNY WA operator satisfies permutation invariance, boundedness, monotonicity, and
process is omitted in this paper.

idempotency. These properties can be easily demonstrated by using formulas (14), (15), (16), and (17). The detailed proof

O
4. O-ROFTrNDM for online learning engagement assessment

In the specific assessment process of online learning engagement, student engagement is assessed based on the
collected videos. The required image data is extracted from the original video using a sliding window. Then, the proposed
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g-ROFTrNDM method is applied to assess the engagement level of each image, which integrates the CRITIC method with
the g-ROFTrNY WA operator.

Date Collection and preprocessing ¥y B
Video frame extration » Y= y,(lt b J’;f) yi(;)
() () (1)
Yo 0 Yy o Vi o
Fuzzy Numer Conversion
0] (0 0] ® 0] 0]
i yl] 0 Y du dl;t dul;
yo_|,0 . 0 Lo DO —| 4o J0 L gw The language values are mapped to
Ya Yy Yin » il i in q-ROT1FNs
0] 0] 0] ® 0] 0]
Yo 0 Vg e ), dy - dy - dy, o
Aggregate Window Matrix
O _ in(+®
P —min( ") wr
—_—— . O\ _ g(70)). 0 _ g (7O
max(yf”)—min(y(’)) [z > (S(’ij ) S(’; )) (S(’jk ) S(’k ))
(0 _ v v
n = > 5, = N
i=1

maX(y(D)_y”) B ;z( ('b(t))_s(’_}(t)))z > dx = \/WTH
i y
max ( y;t))—min( y;’))
N ®) C
I P
J J

n-1 ZCJ

Apply CRITIC Decision Method q-ROFTrNsYWA(al, a,, ..., a, ) =@ wa,

n n n n
zw'ah > zwlaiz > ZM)’ a’z > zwlaLt >
i=1 i=1 =1 i=1

1 1
q min{1, (zwz(ua,q)yjy . q l_min{l, Z(Wl(l—va,q)y)_v}
i=1

i=1

R » RO
g-ROFTINSYWA (a,, a,, ..., a,) =@ wa,
Zn:wla'i > Zn:wlaiz > Zn:m a’z > Zn:wlah;
=1 =1 i=1 i=1
¢ |min<1, (Z:wX (ua,q )})y , ¢,[1-min {l, Z(Wi (1 -v,’ )y )’}
i=1 =1
Rﬁnal <
v
Engagement score Score = S( 5 )
final
End

Figure 1. Engagement assessment process based on the CRITIC method

In the engagement assessment process for each student, m images are extracted from the collected videos, denoted

as P={pi1, p2, ---, pm}. Each image has n attributes: C = {c1, ¢2, ---, ¢,}, and the attribute weight satisfies Y| ®; =

iporary Math tics
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1, where w; € [0, 1]. The m images with n attributes are divided into T groups, obtaining an assessment matrix ¥ ) =
(yg;))kxn, (j=1,---,nt=1,---, T, i=1, ..., kand k =m/T), as shown in formula (30).
The g-ROFTrNDM method includes two stages of information aggregation: (1) After the matrix ¥ *) is transformed
~(1)
to R®, the R") is aggregated to R~ by the proposed g-ROFTINYWA operator. (2) Then, the ¢-ROFTINYWA operator
t

is used to aggregate each row of INQ( , and the result is IN?ﬁnal. The CRITIC method [39] provides an objective way to
determine attribute weights by considering both the contrast intensity (standard deviation) of each feature and the conflict
(correlation) between features. The overall assessment pipeline, illustrated in Figure 1, consists of the following steps.

Step 1: Data acquisition and preprocessing. (1) Collect online learning videos from online learners. (2) The collected
video is split into individual images at a rate of one frame per second.

Step 2: Expert assessment. Based on the collected online learning videos, m collection points can be identified.
An expert assigns rating levels to each feature and then classifies them into five grades: “very high”, “high”, “average”,
“poor”, and “very poor”. Finally, the k x n-dimensional assessment decision matrix ¥ ) is constructed. The assessment
decision matrix ¥ *) is shown as in formula (30).

t t t
YO =1y0 0yl vi=1, ..k j=1,...,nt=1, T (30)
0 0 0
ykl . e yk e ykn k><n

Here, the elements yg.) represent the level of engagement of the i’ collection point on the j* feature within the /"
group.

Step 3: Fuzzy number conversion. The engagement language set data of different features is transformed into a
¢-ROFTrN matrix D), according to Table 2 [14], as shown in formula (31).

)l
pO=dy . a) 4D i=1kj=1.nt=1 T G1)
t t t
4y ),

)

i

(1

Each element d;;" is a g-ROFTIN corresponding to the assessment y

Table 2. Mapping relationships of language sets

Level of engagement Engagement level q-ROFTrNs
Extremely high I (0.80, 0.85, 0.90, 0.92; 0.87, 0.08)
Higher I (0.66, 0.70, 0.78, 0.81; 0.73, 0.20)
General i (0.45, 0.50, 0.55, 0.57; 0.50, 0.50)
Lower v (0.30, 0.33, 0.38, 0.42; 0.32, 0.68)
Very low v (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
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Step 4: Normalization. To eliminate the influence of different dimensions, normalize the matrix Y (*), where benefit-

type features (the larger, the better) can be normalized with max-minimum; for cost-type features (the smaller, the better),

reverse processing is possible, and the matrix ¥ ) is normalized as R®), where ) is the normalized value of yl(;-)

i , as shown
(1) 1)

in formula (32), where min(y;; ):min{yY}, ...,y,(ctj?},max(yij ):max{ygtj?, yg}, ...,y,(f].)},i: 1, ..k, j=1,...,nt=

1 T.

y

) (t))

Yij — min(y; ;
max(y{)) —min(y{7)
A = : (32)
max(yz(';)) —Yij
0 0

max(yij )— min(yij )

, benefit — type

, cost—type

Step 5: Derive the attribute weight.
Step 5.1: Calculate the standard deviation for each feature. Standard deviation is an important measure of the degree
of fluctuation of a feature. The standard deviation s; of each feature is shown in formula (33).

2
(S(r?’.))—S(-@)) i=1, ..k j=1,....nt=1, -, T (33)

In formula (33), S (rf?) is the score of the ' collection point on the j/* feature, S(f(,’)) represents the mean score

J
of all collection points for the j* feature within the " group, m represents the number of samples, and ) represents the

average of the j'" feature. !

Step 5.2: Calculate the correlation coefficient between features. The Pearson correlation coefficient is used to
represent the relationship between features, as shown in formula (34), wherei=1, ...k, k= g; j=1,...,nt=1,..., T,
and the g j indicates the degree of correlation between two features.

G = ——= : (34)

In formula (34), S (rﬁ?) is the score value of the j/”* collection point on the k" feature within the ## group, and S (7’;:))

represents the mean score of all collection points for the k" feature.

Step 5.3: Calculate the importance index for each feature. The CRITIC method assumes that the importance of
a feature is determined by its standard deviation and non-correlation with other features. It calculates the importance
index C; for each feature as shown in formula (35).
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(35)

In formula (35), n represents the number of features. The formula reflects the volatility of the feature itself and its
independence from other features.

Step 5.4: Calculate the weight of the feature. Normalize the importance index of all features to obtain the weight of
each feature @; as shown in formula (36).

(36)

Step 6: Feature aggregation. The g-ROFTrNY WA operator is used to aggregate the engagement assessment values
as shown in formula (37), wherei=1, ..., k, j=1, ...,n,t=1, ..., T.

~(t

R = g-ROFTINYWA <7

(1) ~() ~(1) ~<t>> ' 37)

ij o rl'j, rij7 ceny rl]

t’h

~(1 ~
In formula (37), R represents the overall engagement assessment value of the " group, and r§;> (i=1, ..., k),

represents the engagement assessment values of the & images within the 1/ group.

~(1) ~(2) ~(T)
Step 7: Engagement assessment. Obtain assessment values ((R , R > ,.-y R > according to Step 6. The
q-ROFTrNY WA operator is used to aggregate R , R y R , as shown in formula (38).
~ ~(1) ~(2) ~(T)
Reinat = ¢-ROFTINYWA (R ,R , ..., R (38)

Step 8: Engagement score. Calculate the final engagement score using formula (39):
Score =S (Eﬁnal) . 39)

Where S (;Qﬁnal> is the scoring function defined in Definition 6 with a value range of [—1, 1]. A higher value indicates
stronger engagement.

5. Experimental cases
5.1 Case background

In the context of online classes for students and teachers, teachers face a major problem in tracking students’
engagement levels. Given that students’ engagement is closely related to online learning outcomes, and that video data
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needs to be processed on students’ devices to protect privacy. To build a fast and accurate engagement assessment model,
a multi-feature recognition method that integrates body posture, gaze direction, head posture, and facial expressions
can provide more accurate results compared to single-feature recognition. Students’ online learning engagement can
be measured in various ways, such as self-assessment, expert assessment, and scale scoring, all of which are valuable
feedback resources. Moreover, the assessment results provide data support for teachers to help optimize teaching methods
and improve students’ learning outcomes. In addition, the assessment results of students’ online learning can provide a
scientific reference for educational assessment and policy-making, promoting the development and reform of the education
sector. The multi-feature fuzzy comprehensive assessment methods include four features, as shown below.

(1) Body posture (c1). Students’ posture serves as an effective indicator of learning engagement [40]. Maintaining a
body posture with a small range of motion is associated with higher engagement.

(2) Gaze (c»). Eye movement trajectories are key parameters for measuring engagement [41]. Using non-contact
eye-tracking technology can precisely record the duration and movement path of the fixation point in the screen area,
effectively identifying engagement-shifting behavior.

(3) Head posture (c3). Head orientation changes reflect sustained engagement characteristics [42]. Early signs of
distraction can be detected by monitoring the deflection angle of the head in real time through a three-dimensional pose
analysis algorithm, combined with comparative analysis of benchmark learning poses.

(4) Facial expressions (c4). Significant correlation exists between micro-expressions and cognitive engagement [43].
Using facial expression recognition technology to analyze subtle changes in the eyebrow and eye regions and mouth
muscles can construct a quantitative relationship between emotional state and learning engagement.

5.2 Case study of q-ROFTrNDM for assessing engagement

In this experiment, all data collection procedures strictly adhered to established ethical guidelines. Explicit informed
consent was obtained from the participants, clearly outlining the purpose of data collection and that the data would only
be used for academic research. To strictly protect privacy, mosaics were added to all participants’ video images during the
data preprocessing process. During implementation, 20 students from the research team were invited to record their online
learning process, with each student’s total duration being 10 minutes. 600 images are extracted every second, resulting
inm=0600,n=4,T =60, k= 10. In this case study, five students (stul, stu2, stu3, stu4, stu5) were randomly selected
from a group of 20 students for the implementation of the decision-making method. The engagement assessment method
of g-ROFTrNDM includes 8 steps, and the case is implemented as follows.

Step 1: Data preprocessing.

The data collection includes two processes. (1) Among the 20 students recorded during the online learning process,
five students (stu 1, stu 2, stu 3, stu 4, stu 5) were randomly selected, with a total duration of 10 minutes for each student.
(2) Images are extracted at a rate of 1 frame per second, resulting in a total of 600 frames. That is, using video editing
software, single images of each student are captured from the video at a rate of one frame per second. As shown in Figure
2, 10 images captured by the student stul within the first 10 seconds are presented.

58 B b

Ljpg 2.jpg 3.jpg 4.jpg 5.jpg

.

s S D et Dt

6.jpg 7.ipg 8.jpg 9.ipg 10.jpg

Figure 2. 10 images of the student stul within 10 seconds
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Step 2: Expert assessment.
An expert is invited to assess the images extracted at one frame per second from the video and label the results based

on four features of each image. And the assessment value of stul is presented in a matrix Y(®) (+ = 1). The engagement

level of 10 images from stul is shown in Table 3, p; to pjo represent the number of images.

Table 3. Engagement levels of features across 10 images of student stul

€1 2 €3 cs
P 1 v v \
P 1 v v v
s v % v v
P4 m v v v
Ps 11T \% \% 1T
Ps 1 v \% v
p7 11T \% \% v
P m v v %
o 1 v v \
P10 I v \% v

CEINT3

The assessment grades include “very high”, “high”, “average”, “poor”, and “very poor”, represented by V, IV, III, 11,

and I, respectively. This method can more accurately reflect the changes in students’ engagement throughout the online

learning process, providing strong support for personalized teaching and learning strategy adjustments.

Step 3: Fuzzy number conversion.
According to the fuzzy set mapping relationship in Table 2 and formula (31), the matrix Y®) (r = 1) is a transformed

matrix D), as shown in Table 4. And the p; to pio represent the number of images.

Table 4. The g-ROFTrNs matrix transformed from the engagement level of 10 images

Index c o 3 c4

p2
p3
P4
Ps
Pe
p7
ps
P9
P10

(0.66, 0.70, 0.78, 0.81; 0.73, 0.20) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.30, 0.33, 0.38, 0.42; 0.32, 0.68) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.30, 0.33, 0.38, 0.42; 0.32, 0.68) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
(0.30, 0.33,0.38, 0.42; 0.32, 0.68) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.30, 0.33, 0.38, 0.42; 0.32, 0.68)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.45, 0.50, 0.55, 0.57; 0.50, 0.50)

(0.66.0.70.0.78.0.81; 0.73.0.20)  (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.30, 0.33, 0.38, 0.42; 0.32, 0.68)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.30, 0.33,0.38, 0.42; 0.32, 0.68) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)
(0.45, 0.50, 0.55, 0.57; 0.50, 0.50) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80) (0.15, 0.20, 0.23, 0.28; 0.15, 0.80)

Step 4: Normalize the data.
To eliminate the dimensional differences between features, the matrix ¥ ) is transformed into a standardized matrix

R according to formula (32), as shown in Table 5, where p; to po represent the number of images.
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Table 5. The normalized decision matrix reflected by the first 10 images of student stul

Index ci [ c3 c4
D1 1.00 0.25 1.00 0.75
)2 1.00 0.75 1.00 1.00
D3 1.00 1.00 1.00 0.75
P4 0.67 1.00 1.00 1.00
Ds 1.00 1.00 1.00 1.00
Dé 0.67 1.00 1.00 1.00
p7 0.67 1.00 1.00 1.00
ps 0.67 1.00 1.00 1.00
P9 0.67 1.00 1.00 1.00
P10 1.00 0.25 1.00 0.75

Step 5: Calculate attribute weights.

Step 5.1: Calculate the standard deviation. Calculate the standard deviation for each feature s; to measure the degree
of dispersion of the data distribution, and calculate the standard deviation for R®) according to formula (33). As shown
in Table 6, the stul presents the first student, s; to s4 respectively represent the standard deviations of the four features of
stul.

Table 6. Standard deviations of four features

Index S1 K 53 S4

stul 0.344 0.210 0.288 0.287

Step 5.2: Calculate the correlation coefficient between features. According to formula (34), the correlation
coefficient qgrlg of the stul is calculated. The correlation coefficient matrix is shown in Table 7.

Table 7. Correlation coefficients among four features

Index S1 $2 s3 S4
cl 1.00 0.53 0.59 0.62
&) 0.53 1.00 0.8 0.79
c3 0.59 0.80 1.00 0.89
cy4 0.62 0.79 0.89 1.00

Step 5.3: Calculate the importance index. Combine the standard deviation s; with the correlation coefficient qyk)

to calculate the importance index C; for each feature. The importance index is calculated according to formula (35), as
shown in Table 8. stul represents the first student, and C; to C4 represent the importance indices of the four features of
stul.

Table 8. Importance Index of the four features

Index Ci C Cs Cy

stul 0.290 0.176 0.235 0.237

Co iporary Math tics 1848 | Benting Wan, et al.




Step 5.4: Calculate the feature weights. Finally, the importance index of all features is normalized to obtain the
weight of each feature ®;, according to formula (36). The calculated feature weights are shown in Table 9. w; to @y
respectively represent the four different feature weights for student stul.

Table 9. Feature weights for four features of student stul

Index o] [0)) 3 [on

stul 0.3094 0.1881 0.2502 0.2523

As we can see from Table 8, the body posture (C) has the greatest impact on the stul engagement assessment (weight
0.3094). At the same time, gaze (C) contributes the least (0.1881), indicating the difference in feature weights among
different individuals.

Step 6: 10-second level engagement feature aggregation.

The 600 images of stul are divided into 60 groups, resulting in m = 600, n =4, T = 60, k = 10. The g-ROFTINY WA
operator is used to calculate the engagement assessment values by formula (37). For the student stul, the engagement
assessment value of the first group is calculated by the g-ROFTrNY WA operator, and the result is

~(1)
R =(0.441, 0.486, 0.539, 0.564; 0.444, 0.558)

Whent =1, ..., 60, we can obtain 60 engagement assessment values of student stul, and the assessment values are
shown in Table 10.
Step 7: Engagement feature aggregation.

~(1)
The g-ROFTrNYWA operator is used to aggregate the R (t = 1, ..., 60) according to formula (38). Then, the
engagement assessment value of stul is as follows.

Reinat = (0.64, 0.69, 0.74, 0.77; 0.72, 0.31)

Based on steps 1-7, the engagement assessment values of the other students (stu2, stu3, stu4, and stu5) are obtained,
and the online learning engagement assessment values of five students are shown in Table 11.

The results suggest that the g-ROFTrNYWA operator outperforms conventional operators in dynamic weight
allocation and multi-feature fusion.
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Step 8: Engagement score.
Based on Table 11 and using formula (39), the engagement assessment scores of five students are obtained, as shown
in Table 12.

Table 12. Final engagement score of five students

Index stul stu2 stu3 stu4 stus

s (Eﬁnal) 0.50 0.49 0.51 0.49 0.36

From Table 12, it can be seen that the score for stu5 is 0.36, indicating low engagement, and the score for stu3 is
0.51, indicating average engagement. This is consistent with the expert’s assessment of the engagement levels of stu5 and
stu3. Therefore, the assessment results obtained by the g-ROFTrNDM method are basically consistent with the expert’s
assessment results.

From the implementation results of the case, the ¢-ROFTrNDM model can effectively assess online learning
engagement based on expert language assessment values. It can be seen that teachers can discern changes in students’
engagement levels based on this and implement targeted teaching strategies accordingly, such as adjusting the teaching
pace and providing personalized learning support. From the perspective of educational management, the proposed method
can be used to assess the effectiveness of online learning and assist educators in improving teaching quality.

5.3 Sensitivity coefficient analysis

To further verify the feasibility of the fuzzy decision assessment method proposed in this paper, this section mainly
analyzes the influence of different parameters of ¢-ROFTrNDM on the assessment results. Based on the case in section
5.2, when y = 2 and ¢ vary from 2 to 9, respectively, the engagement assessment values are recalculated multiple times,
and the score assessment results of each student under different ¢ values are shown in Figure 3. As shown in the figure,
when ¢ values change from 2 to 9, the rankings of students remain unchanged, which indicates the stability of the proposed
¢-ROFTrNDM method.

stu2

stu3

O 00\ WLk WIN

stu4

stus

Figure 3. Score assessment results for each student at different g values

Similarly, based on the case study in section 5.2, when ¢ = 2 and y vary from 2 to 9, the engagement assessment
values are recalculated. The assessment scores for each student under different y values are shown in Figure 4. As observed
from Figure 4, as y vary from 2 to 9, the ranking order of students remains consistent, further verifying the stability of the
proposed g-ROFTrNDM method.
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Figure 4. Score assessment results for each student under different y values

5.4 Comparative analysis of -ROFTrNYWA operator

To further verify the feasibility and effectiveness of the engagement assessment method. In this section, we utilize
assessment data from 5 students to compute their online learning engagement at each given moment. Initially, we employ
formula (19) to aggregate the fuzzy scores of each student from their previous moments to the current one. We then
compare these scores with the ranges of ([0.66, 0.70, 0.78, 0.81; 0.73, 0.20], [0.45, 0.50, 0.55, 0.57; 0.50, 0.50]). If the
current score exceeds these ranges, we classify the student as being focused at that moment, denoted as 1. Otherwise,
it is classified as 0. Subsequently, we compute the average engagement level of the 5 students at each moment. The ¢-
ROFTrNY WA operator is compared with the g-ROFWAA (WAA) [44], g-ROFWA (WA) [45], ¢-ROFWHM (HM) [46],
q-ROFWSS (WSS) [47], and g-ROFWH (WH) [48] operators.

0 100 200 300 400 500 600

Figure 5. The results of the different operators

The advantages and characteristics of the g-ROFTTNYWA operator in the assessment process can be visually
demonstrated. To ensure the scientific and effective nature of the operator comparative analysis, the parameter g of all
operators is uniformly set to 2. Meanwhile, in g-ROFWY, y = 2; in g-ROFWHM, r = s = 1, in ¢-ROFWSS, z = 5. Other
operators have no additional parameters. The performance of the g-ROFTrNY WA operator in the engagement assessment
methods is assessed more accurately, as shown in Figure 5. The horizontal axis represents time points, and the vertical
axis represents the level of online learning engagement. The higher the score, the stronger the online learning engagement.
Table 13 shows the classroom engagement scores at time points 0, 100, 200, 300, 400, 500, and 600.
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Table 13. Online learning engagement scores for each operator at different time points

0 100 200 300 400 500 600
WAA 1.0000 0.9100 0.8970 0.9053 0.9085 09112 0.9080
WH 1.0000 0.9180 0.9060 0.9133 0.9205 0.9268 0.9243
WSS 1.0000 0.8680 0.8390 0.8560 0.8785 0.8948 0.9027
WA 1.0000 0.9200 0.9060 0.9133 0.9205 0.9284 0.9277
WHM 0.6000 0.8020 0.7740 0.7587 0.7570 0.7504 0.7363
WY (Proposed) 1.0000 0.9220 0.9090 0.9167 0.9240 0.9312 0.9290

From Figure 5 and Table 13, it can be seen that as time goes by, the online learning engagement scores of the WAA,
WA, WHM, WSS, and WH operators converge after 200 frames. The online learning assessment of the WY operator
always remains the highest at convergence, reaching above 0.929, which is generally higher than that of other operators.
Moreover, before 100 frames, the assessment curve of the WY operator is relatively stable and robust to outliers. Overall,
the g-ROFTrNY WA operator has better reliability and robustness in assessing online learning engagement, indicating that
the g-ROFTrNDM method using the Yager operator is feasible.

5.5 Comparative analysis of derived weight methods

To further verify the effectiveness and feasibility of the CRITIC method, the CRITIC is replaced by Principal
Component Analysis (PCA), the Expert Scoring Method (ESM), and the Factor Analysis (FA) method. Taking the feature
data set of the first student as an example, the comparison of the results from each derived weight method is shown in
Figure 6.
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Figure 6. First student dataset-Comparison of feature scores for different methods

The comparison results in Figure 6 show that the CRITIC method is superior to the Principal Component Analysis
(PCA), ESM, and FA methods for the first student. The results show that the weight distribution of the CRITIC method
is highly consistent with that of the expert. The derived CRITIC method considers the relationship between four factors:
body posture affects head posture, which in turn affects gaze and facial expression. This is consistent with actual online
learning assessments and is therefore suitable for deriving the attribute weights for online learning. Especially in dynamic
features such as head posture and body posture, the CRITIC method demonstrates its ability to overcome the limitations
of traditional objective methods of ignoring feature correlations in this assessment.
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Overall, the CRITIC method is more efficient than other traditional approaches in handling uncertainty and
ambiguous environments due to its dynamic integration of feature information and correlation. Therefore, the CRITIC
method is optimal compared to the method for assessing students’ online learning engagement.

5.6 Time complexity analysis

To assess the time complexity of g-ROFTrNDM, we used the dataset from section 5.2, comprising data from students
stul to stuS. The time consumed by the g-ROFTrNDM assessment method was recorded as ¢ varied, and the average value
of 10 repeated calculations for each student was taken as the result. The implementation was carried out on a personal
computer (Intel Core 17-13700KF processor, clock frequency 3.40 GHz, 32 GB memory). The ¢-ROFTrNDM assessment
method was implemented using Python 3.8, and the implementation results are shown in Figure 7.

As can be seen from Figure 7, the ¢-ROFTrNDM method exhibits stable performance, with minimal fluctuations
across ¢ values ranging from 2 to 9. The average assessment time for most students falls between 5 and 6 MS, all of which
are less than 10 Ms. Consequently, the g-ROFTrNDM method boasts low time complexity, enabling rapid calculation of
assessment results. Compared to existing artificial intelligence methods such as CNNs, the g-ROFTrNDM method has
lower time complexity. However, the g-ROFTrNDM approach relies on expert assessment, which requires significant
expert time for different students in various environments, resulting in poor generalization ability. Therefore, the g-
ROFTrNDM method proposed in this paper is only suitable for small-sample expert assessment scenarios. Nevertheless,
the accumulated expert assessment data can be effectively utilized for training artificial intelligence algorithms, yielding
more reliable results.
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Figure 7. The time consumption of different students under different ¢ values

6. Discussion

The ¢-ROFTrNDM method proposed in this study was developed within the g-ROFTrN environment; it can be
effectively utilized for decision-making and assessment in ambiguous environments. Initially, the g-ROFTINYWA
operator was introduced, marking the first extension of the Yager operator to the g-ROFTrN context. This operator
offers greater flexibility in handling uncertainty and fuzzy information, enhancing the expressiveness and adaptability
of assessments. Furthermore, a derivative feature weighting method developed based on the CRITIC method in the g-
ROFTrNs environment is proposed. This method not only overcomes the shortcomings of specifying weights but also
possesses objectivity. The g-ROFTrNDM method integrates fuzzy distance, Yager operator, CRITIC method, and scoring
function to achieve a comprehensive and dynamic assessment of student engagement. The sensitivity analysis results of
the g-ROFTrNDM method show that the rankings of students remain consistent under different parameter settings (see
Figures 3 and 4), indicating that the g-ROFTrNDM method has good stability. Compared with other operators, the g-
ROFTrNYWA operator used in the g-ROFTrNDM method achieves the highest accuracy score (see Figure 5) and is
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closest to the online engagement assessed by experts. Compared with other derived weight methods, the CRITIC method
considers the relationship between four factors: body posture affects head posture, head posture affects gaze and facial
expressions, which is consistent with actual online learning assessments and suitable for deriving the weight of online
learning attributes (see Figure 6). At the same time, the computational time complexity of the g-ROFTrNDM method is
less than 10 milliseconds (see Figure 7), making it efficient in small-scale fuzzy assessments. Therefore, based on the
proposed g-ROFTrNY WA operator and CRITIC derived weight method, the g-ROFTrNDM method can be effectively
used for assessing online learning engagement based on expert fuzzy assessment values.

Although the g-ROFTrNDM method excels in assessing online learning engagement under conditions of uncertainty,
dynamism, and small-scale data, it relies on expert assessments of post-online learning videos. This approach hinders real-
time, large-scale data assessment of student engagement, thereby limiting its application in real-time feedback scenarios.
The primary reason is its dependence on expert assessments of collected data, which limits its strong generalization
capabilities. Additionally, student engagement level labels in online learning rely on expert assessments. While these
assessments carry a certain level of authority, they still suffer from subjective biases and fail to achieve automation
and standardization in labeling. Compared to existing artificial intelligence methods such as CNNs, g-ROFTrNDM
has lower computational complexity. However, it requires experts to assess student engagement, which can be time-
consuming and costly for different students in various environments. Therefore, the g-ROFTrNDM method proposed in
this paper is suitable for small-sample expert assessment scenarios. However, the accumulated expert assessment data
can be effectively utilized for training artificial intelligence models, resulting in online learning assessment models with
strong generalization capabilities and high accuracy for real-time engagement assessment.

To overcome the limitations of g-ROFTrNDM, the research team plans to combine the g-ROFTrNDM method with
deep learning technology to construct and train an online learning engagement assessment model for real-time assessment
of students’ online learning engagement. Firstly, the research team will collect more online learning video data, segment,
align, and annotate the video data, and then use the g-ROFTrNDM method to assess and verify the quality of the annotated
data. Furthermore, by integrating the ¢-ROFTrNDM method with deep learning models (such as CNN, Transformer, etc.),
amulti-modal engagement assessment model with high recognition accuracy, strong generalization ability, and lightweight
will be developed to achieve efficient and real-time student engagement assessment.

7. Conclusion

An integrated g-ROFTrNDM method is developed in this paper to assess the online learning engagement based
on g-ROFTIN. The ¢-ROFTrNYWA operator is designed, the Yager operator is firstly extended to the g-ROFTrN
environment. The feature weights are derived based on the CRITIC method under the g-ROFTrNs environment, which
not only overcomes the shortcomings of specified weights but also ensures objectivity. The developed g-ROFTrNDM
method combines fuzzy distance, g-ROFTINY WA operator, weights derivation method, and score function to achieve
a comprehensive assessment of students’ online learning engagement according to expert assessment values. The
implementation results of the case show that ¢-ROFTrNDM can be effectively used to assess engagement in online
learning. The g-ROFTrNDM assessment results show that students’ online learning engagement is consistent with expert
assessment results. Parameter sensitivity analysis results indicate that the proposed g-ROFTrNDM does not change the
assessment results of the most engaged students. The comparative analysis results show that the g-ROFTrNDM has the
highest engagement score, outperforming the comparison methods. The computing time of the g-ROFTrNDM method is
lower by 10ms, resulting in a shorter assessment time. Therefore, the proposed g-ROFTrNDM is feasible and effective.

Although ¢g-ROFTrNDM can effectively assess students’ online learning engagement based on experts’ assessment
values, the g-ROFTrNDM method cannot adapt to large-scale student engagement assessment and is difficult to generalize
directly. However, the assessment results of g-ROFTrNDM can provide high-quality data for machine learning and deep
learning. Therefore, the team will integrate fuzzy assessment methods with neural network methods to train a more
intelligent online learning engagement model as the focus of research.
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