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ABSTRACT Online shopping has become a habit for consumers, who often make purchase decisions
based on online reviews. However, the gradual accumulation of reviews has caused an issue associated with
information redundancy. Therefore, recommending helpful reviews for consumers has become an urgent
problem. Current research on the helpfulness of reviews ismostly at the level of analyzing influencing factors,
and few studies have focused on the problem of ranking the helpfulness of reviews. Taking film reviews
as the research object, we proposed a SO-ILES TODIM method (a TODIM method based on the intuitive
language evaluation set of emotional and ontological features). This method takes into account both semantic
indicators (emotional factors and ontological features) and statistical indicators (review length), considers
comprehensive information in the review text and has better domain adaptability. First, an intuitive language
evaluation set that considers emotional and ontological features was constructed based on statistical rules.
Second, a quantitative calculation method that includes an index weight value based on the logit regression
model was designed, and it can effectively avoid the subjectivity of the manual assignment method. Finally,
based on the degree of membership deviation, the score function and the exact function were designed
to realize a ranking of the helpfulness of reviews. Through a case simulation, we show that this method
can prioritize reviews that directly evaluate the product. Through a comparative analysis and parameter
sensitivity analysis, the stability and scientificity of the SO-ILES TODIM method was demonstrated. This
paper broadens the research scope of reviews, enriches the research method of review helpfulness ranking
and provides insights for merchants or third-party platforms to manage online reviews.

INDEX TERMS Ranking, helpfulness, online reviews, TODIM.

I. INTRODUCTION
According to data from the National Bureau of Statis-
tics of China, in 2019, China’s online retail sales reached
1.06324 trillion yuan, an increase of 16.5% over the previ-
ous year. The online penetration rate of online retail sales
reached 20.7%, an increase of 2.3 percentage points over the
previous year. The continued boom in online shopping has
allowed e-commerce systems to accumulate a large number
of online reviews, which are an important basis for con-
sumer decision-making. High-quality reviews are effective
in helping consumers make purchasing decisions, whereas
low-quality reviews waste consumers’ time. If reviews are
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ranked according to their helpfulness and the most helpful
information for purchasing decisions is prioritized, then the
time cost for consumers to read reviews can be reduced
and the efficiency of purchasing decisions can be improved.
To investigate this practical problem, this paper studies the
ranking problem of the helpfulness of reviews.

At present, research on the helpfulness of reviews mainly
focuses on analyzing the influencing factors and constructing
prediction models. The objects of study are mainly searched
products with few experiential products. Studies have shown
that product types can affect consumers’ purchasing decisions
[1], and research conclusions on search products are not
universal for experiential products. Given the current research
status, this paper takes movies as an example to rank the
helpfulness of experiential product reviews.
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The review helpfulness ranking problem refers to the
ranking of online reviews based on the helpfulness index
score. Identifying a method of filtering the helpfulness
index of reviews and ranking the helpfulness of reviews
are the two areas of emphasis of the research. The fol-
lowing is a review of the research status for these two
aspects.

Online reviews mainly include the reviewer’s emotional
attitude and description of product features. Emotional atti-
tude indicates a like or dislike of the product. Ontological
features indicates the consumers’ functional preferences for
products. Ontology refers to the evaluation objects of reviews.
Emotional attitude and ontological features comprehensively
cover the semantic information that reviews can convey to
readers. Bi et al. [2] measured the effects of customer senti-
ments on customer satisfaction; Bi et al. [3], Kauffmann et al.
[4], Liu et al. [5], and Liu et al. [6] ranked alternative products
using emotion analysis technology; Kumar and Abirami [7]
ranked alternative products based on ontological features;
Huang and Jiang [8] and Saumya et al. [9] calculated the
helpfulness score of reviews based on ontological features;
and Wang et al. [10] realized product ranking by identi-
fying product features and emotional polarity. In addition
to semantic information, scholars have constructed statisti-
cal indicators to measure the helpfulness of reviews. Singh
et al. [11] and Shaalan et al. [12] built a review ranking
model by using information entropy and score distribution.
The above studies effectively constructed evaluation indexes
of the helpfulness of reviews from semantic and statistical
aspects.

Multiattributes of things can reflect the nature of the object.
Throughmulti-criteria decision-making (MCDM) about mul-
tiattributes, we can solve many problems, such as the predic-
tion of tourist volume [13], the scheduling of shared bikes
[14], management of hotels [15], the evaluation of internet
of things platforms [16], and the realization of Importance
Performance Analysis (IPA) [17]. The ranking process of
reviews is also a MCDM problem, which should take into
account the uncertainty of review information, the contra-
diction between attributes, and the decision maker’s loss
aversion psychology. Specifically, the uncertainty of review
information can be reflected by the size of the attribute
value, the contradictory relationship between indicators can
be reflected by the size of the attribute weight, and the
decision maker’s loss aversion can be reflected by the loss
attenuation coefficient.

The research emphases of MCDM mainly include two
aspects: the construction of evaluation index and the cal-
culation of attribute weight. Wu et al. [18] proposed the
concept of the hesitant pythagorean fuzzy sets (HPFS) to
enhance fuzzy related problems flexibility; Lin et al. [19]
designed an entropy measurement method to measure the
uncertainty of probabilistic language term sets; Wu et al.
[20] extended VIKOR methods based on the interval type-
2 fuzzy best-worst; Liu and Teng [21], Zhang et al. [22], Wu
and Zhang [23], and Lin et al. [24] optimized the MCDM

algorithm by constructing attributes and attribute values,
which are specifically reflected by the use of the extended
probability language TODIM (PL-TODIM) method, fuzzy
emotion word framework, intuitionistic fuzzy emotion word
framework and probabilistic uncertain linguistic term set;
Davoudabadi et al. [25], Wang et al. [26], and Wu et al. [27]
optimized the MCDM algorithm via a quantitative weight
calculation, which was specifically reflected in the sorting
study of alternative schemes by aggregating objective and
subjective weights, developing entropy weighting technology
and combining network analysis and entropy weight meth-
ods, respectively; and Xiao et al. [28] developed novel oper-
ational laws for a hesitant fuzzy linguistic term set (HFLTS)
and applied them to derive the attribute weights. The above
research realizes the continuous optimization of the MCDM
algorithm.

Previous research has mainly focused on the ranking study
of alternative products, which provides a theoretical basis for
the ranking study of the reviews on the helpfulness. How-
ever, these studies present two deficiencies. First, the eval-
uation index only considers the emotional factors without
considering the ontological characteristics, and since dif-
ferent research objects contain different features, it is nec-
essary to consider ontology features to construct indexes;
and second, the weights are calculated by the subjective
expert assignment method, which necessitates the design
of a quantitative calculation method. In view of the cur-
rent research status, we improved TODIM method, pro-
posed SO-ILES TODIM, and made up for the two shortcom-
ings of the above research. Taking movies as the research
object, we realized the method for ranking the helpfulness
of review.

Our contribution includes two aspects: theoretical value
and practical significance. The theoretical contribution of
this paper is that we propose a SO-ILES TODIM method
(a TODIM method based on the intuitive language evalu-
ation set of emotional and ontological features) that takes
into account emotional factors and ontology characteristics,
makes the evaluation set more applicable in the field, and
can use the regression coefficient method to quantify the
index weight, thereby avoiding the subjectivity of the man-
ual assignment method. The practical significance of this
paper is that the method we proposed can prioritize reviews
that directly evaluate the products, thereby reducing the
time cost of consumers reading reviews and improving the
efficiency of consumers making purchasing decisions based
on reviews.

The rest of the paper is organized as follows. Section II
introduces the basic concept of TODIM and the research
method of this paper. Section III introduces the process of
constructing the intuitive language evaluation set of emo-
tional and ontological features (SO-ILES) and the calculation
method of attribute weight. Section IV presents the case
simulation analysis, comparative analysis, and parameter sen-
sitivity analysis. Section V summarizes the research of this
paper.
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II. METHODOLOGY
A. BASIC CONCEPTS
Definition 1 [29]: The language evaluation set S =
{sθ | θ = 0, 1, 2, · · · , 2 l}, l ∈ Z+, sθ is an evaluation term
indicating the grade of an evaluation index. In the specific
field of argument X , if we have sθ(x)εS, then the intuition
language set on X is T =

{(
x,
〈
sθ(x), µ(x), ϑ(x)

〉)
| x ∈ X

}
,

where µ(x) :→ [0, 1] and ϑ(x) :→ [0, 1], which is also
known as the attribute value of the evaluation index and
presents the membership degree and nonmembership degree
of sθ (x). t =

〈
sθ(x), µ(x), ϑ(x)

〉
is called the intuitive linguistic

number. When µ(x) = 1, the intuitive language set becomes
the language evaluation set. For example, l = 3, S =
{s0 = ‘‘very bad’’, s1 = ‘‘quite bad’’, s2 = ‘‘bad’’, s3 =
‘‘ordinary’’, s4 = ‘‘good’’, s5 = ‘‘quite good’’, s6 =
‘‘very good’’}. In this case, the intuitive language number
for t = 〈s2, 0.6, 0.3〉 indicates that the probability of an
evaluation object belonging to s2, which is ‘‘bad’’, is 0.6; the
probability of not belonging to s2 is 0.3; and the uncertain
probability of an evaluation object is 0.1.
Definition 2: For any two intuitive language numbers t1 =〈

sθ(t1), µ (t1) , ϑ (t1)
〉
and t2 =

〈
sθ(t2), µ (t2) , ϑ (t2)

〉
, the def-

inition score function F(t) and the precise function G(t) are
as follows:

F(t) = sθ (t)

(
µ(t)− ϑ(t)

2

)(
µ(t)− µ(t)

µ(t)

)
(1)

G(t) = sθ(t)

(
µ(t)+ ϑ(t)

2

)(
µ(t)− µ(t)

µ(t)

)
(2)

where µ(t) = 1/n
∑n

1 µ(t), n = 1, 2, 3, . . ., represents the
mean membership degree under the evaluation index. As the
frequency of different evaluation indexes in product reviews
may differ greatly, a large difference in the membership
degree may exist. The score function and accurate function
are calculated by using the deviation of membership relative
to the mean of membership. Based on the existing research
[30], we consulted relevant experts and finally designed for-
mulas (1) and(2).
Definition 3: Any two intuitive language numbers t1 =〈

sθ(t1), µ (t1) , ϑ (t1)
〉
and t2 =

〈
sθ(t2), µ (t2) , ϑ (t2)

〉
have the

following properties:
(1) If F(t1) > F(t2), then t1 > t2;
(2) If F(t1) = F(t2),G(t1) = G(t2), then t1 = t2;
(3) If F(t1) = F(t2),G(t1) > G(t2), then t1 > t2;
By comparing the score function F(t) and precise function

G(t), profit and loss can be qualitatively measured.
Definition 4 [31]: For any two intuitive language numbers

t1 =
〈
sθ(t1), µ (t1) , ϑ (t1)

〉
and t2 =

〈
sθ(t2), µ (t2) , ϑ (t2)

〉
,

the Hamming distance between t1 and t2 is as follows:

d (t1, t2) = |θ (t1) µ (t1)− θ (t2) µ (t2)|

+ |θ (t1) (1− ϑ (t1))− θ (t2) (1− ϑ (t2))| (3)

where θ (t) is function that takes the subscript of avariable.

B. PROBLEM DESCRIPTION
This paper takes film reviews as the research object, selects
relevant characteristics as the evaluation index of help-
fulness, and determines the ranking of the helpfulness of
reviews.
For the sake of uniformity, describe the problem as follows:

N = {1, 2, 3, . . . , n}, M = {1, 2, 3, . . . ,m}. Ri(i ∈ M ) is the
set of film reviews. The evaluation index set is Cj(j ∈ N ). wj
represent the weight of the jth index, wj ≥ 0, and

∑n
j=1 wj =

1. w̃j represent the relative weight of the jth index, w̃j ≥ 0,
and

∑n
j=1 w̃j = 1. To avoid the same ranking problem,

set the minimum index of S to 1. Assuming that l = 2,
the language evaluation set is S = {s1 = ‘‘very bad’’, s2 =
‘‘bad’’, s3 = ‘‘ordinary’’, s4 = ‘‘good’’, s5 = ‘‘very good’’}.
The intuitive language decision matrix is T =

[
tij
]
m×n. The

intuitive linguistic number is tij =
〈
sθ(tij), µ

(
tij
)
, ϑ
(
tij
)〉
,

which represents the evaluation value of the indicator given
by the decision-maker to the review Ri under evaluation index
Cj, and we also know that 0 ≤ µ

(
tij
)
≤ 1, 0 ≤ ϑ

(
tij
)
≤ 1

and 0 ≤ µ
(
tij
)
+ ϑ

(
tij
)
≤ 1. T̃ is a normalized form of T .

t̃ij is a normalized form of tij. Finally, the helpful ranking of
the review set R is realized according to the intuitive language
decision matrix T̃ = [̃tij]m×n and the weight vector w̃j.

C. RESEARCH METHODS
TODIM is a multiattribute decision making method, which
calculates the scheme score through the evaluation set and
index weight, and finally achieves the purpose of selecting
the best alternative scheme. The main calculation process
is as follows: (1) Construct evaluation set. (2) Measure the
index weight. (3) Design functions to calculate schemes’
score. (4) Select the best alternative scheme according to
the score.
In order to rank the helpfulness of reviews, we made three

improvements to the TODIM method. The specific manifes-
tations are as follows: (1) Based on emotion analysis and
ontological feature model, we propose a new intuitive lan-
guage evaluation set (SO-ILES). (2) Based on the regression
coefficient, we proposed the regression coefficient method,
which realized the scientific calculation of the weight value.
(3) In order to solve the problem of repeated attribute occur-
rence in a review, we designed new scoring function and
precise function, so that TODIM method can better solve the
ranking problem of review helpfulness.
Combined with the calculation process of TODIM, refer-

ring to the research of Liu(2019) [21], We designed the
calculation process of SO-ILES TODIM as follows:
Step 1: Emotion analysis is carried out for the review text

and ontology feature model is constructed for the evalua-
tion object. On this basis, we select evaluation indexes for
the helpfulness of reviews, calculate their attribute values
and construct an intuitive language evaluation set (SO-ILES)
based on emotional and ontological features;
Step 2: Build a normalized decision matrix T̃ = [̃tij]m×n

based on SO-ILES;
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Table 1. Film ontological features and their attentions degree.

Step 3: Build Logistc regression model, using the regres-
sion coefficient method to calculate the relative weights of
the indexes w̃j = (w̃1, w̃2, w̃3, . . . , w̃n);
Step 4: Design score function and exact function. Under

each evaluation index Cj, compare the score function and
exact function of reviews Ri and Rk , obtain the profit-loss
analysis matrix, and clearify the advantages and disadvan-
tages of each review’s helpfulness under different indexes;
Step 5: Calculate the profit-loss value for each review φi =

(Ri,Rk) and construct the profit-loss priority matrix 8;

8 = [φ (Ri,Rk)]m×n =
n∑
i

φi (Ri,Rk) (4)

The calculation formula of
∑n

i φi (Ri,Rk) is as follows:

φi (Ri,Rk) =



√
w̃jd (̃tij, t̃kj)∑n

j=1 w̃j
, s(̃tij) > s(̃tkj)

0, s(̃tij) = s(̃tkj)

−
1
δ

√∑n
j=1 w̃jd (̃tij, t̃kj)

w̃j
, s(̃tij) < s(̃tkj)

(5)

where i, k ∈ M , j ∈ N . δ is the loss attenuation coefficient,

0 < δ <

∑n
j=1 w̃j
w̃j

.
Step 6: Under the evaluation index of Cj(j ∈ N ), aggregate

the profit-loss priority matrix to compute the overall priority
Z (Ri); then, standardize the overall priority Z (Ri), calculate
the normalized priority 0 (Ri); and rank the reviews by nor-
malized priority, with a greater 0 (Ri) value indicating higher
ranking of Ri.
Aggregation formula is as follows:

Z (Ri) =
n∑
j=1

8(Ri,Rk) i, k ∈ M (6)

Normalization formula is as follows:

0 (Ri) =
Z (Ri)−mini {Z (Ri)}

maxi {Z (Ri)} −mini {Z (Ri)}
(7)

where i, k ∈ M and 0 ≤ 0 (Ri) ≤ 1.

Table 2. Examples of film ontological features.

III. SO-ILES TODIM
For the ranking of the helpfulness of reviews, three points
need to be considered: the selection of the evaluation index
of the helpfulness of reviews, the calculation of the index
attribute value, and the calculation of the index weight.
We design an intuitive language evaluation set based on
emotional and ontology features (SO-ILES) to realize the
selection of evaluation indexes and the calculation of attribute
values. This method has better domain adaptability and con-
tains comprehensive review text information. In addition,
we design a quantitative calculation method of the index
weight value based on the logit regression model, which
avoids the subjectivity of manual assignment.

A. SO-ILES
1) SELECTION OF EVALUATION INDEX
The selection of evaluation index for the helpfulness of
reviews is the basis for the realization of review helpfulness
ranking. The selection process has the following steps. First,
the literature on the influencing factors of the helpfulness of
published reviews [1], [11], [32]–[37] was evaluated. Second,
we discussed screen evaluation indexes with relevant experts
based on existing research results. Through the literature
review, it was found that the emotional attitude, frequency of
emotional words, and frequency of feature words contained in
reviews will affect the helpfulness of reviews, among which
emotional words include positive emotional words, negative
emotional words, and neutral emotional words. Because neu-
tral emotional words have a neutral emotional attitude and
are not persuasive to consumers, this paper will not include
these words in the study. With regard to feature words and
depending on the research object, different research objects
have different feature words. Based on the author’s previous
research [38], film features were selected according to the
concept model of film ontology. Table 1 lists the research
results of film ontological features and consumers’ attention
to film features in the research [38]. Table 2 lists some exam-
ples of film ontological features. Due to the differences in
language and culture, wherever film reviews are involved in
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Table 3. Evaluation indexes and their definitions.

this paper, we provide two forms: one is the corresponding
English translation and the other is the Chinese translation.

Emotional intensity reflects the intensity of emotional
attitudes and may also affect the helpfulness of reviews.
Although consistent conclusions have not been obtained as
to whether emotional intensity has a significant effect on
the helpfulness of reviews, indicators of emotional intensity
were added to improve our study. In addition, a large number
of studies [35]–[37] have demonstrated that the length of
reviews affects their helpfulness. Due to the lack of statistical
indicators in this paper, the review length index was added for
research. Table 3 summarizes the review helpfulness evalua-
tion indexes and their definitions.

2) CALCULATION OF ATTRIBUTE VALUES
The attribute value of the index includes the membership
degree and nonmembership degree, which reflects the rela-
tionship between the index and the language evaluation value.

a: EMOTIONAL CONSISTENCY (SENTI_CONS)
Emotional consistency refers to the degree of consistency in
the emotional attitude of the review. Previous studies usually
only use linear addition and subtraction of emotion words
to obtain the emotional tendency of the review, which is
divided into three categories: positive, negative, and neutral.
This approach ignores the semantic emphasis of language art.
In language art, the key point that people want to express
is behind the transition words and methods that use linear
addition and subtraction will often offset the importance of
the emotional attitude. This paper introduces the emotional
consistency of the attention factor to calculate review help-
fulness. Because neutral emotion words do not influence the
consistency of emotion, this paper does not calculate neutral
words; instead, only positive and negative emotion words are
studied.

The emotional consistency of the membership formula of
the ith review is as follows:

Senti_cons_µi =

∣∣∣∣ αP−ni − (1− α)N−ni
αP−ni + (1− α)N−ni + ε

∣∣∣∣ (8)

In addition to emotion words, reviews do contain other
words. We use other words in the proportion of the total
number of words to measure the emotional consistency of
nonmembership degrees. The emotional consistency of the
nonmembership degree formula of the ith review is as fol-
lows:

Senti_cons_ϑi = (1− Senti_cons−µi)

×

(
1−

P−ni + N−ni
Qi

)
(9)

where i ∈ M , Senti_cons_µi is the membership degree of
emotional consistency in the ith review; Senti_cons_ϑi is the
nonmembership degree of emotional consistency in the ith
review;P−ni is the number of positive words in the ith review;
N−ni is the number of negative words in the ith review; Q−ni
is the number of total words in the ith review.We set ε to be an
infinitesimal constant to prevent the divisor from being zero.
Let ε = 0.001. α represents the coefficient of attention in the
ith review, with 0 ≤ α ≤ 1. A higher value of α, corresponds
to a review with a greater emphasis on emotion. When the
emotion of the review was consistent, the attention to positive
and negative words was the same; therefore, the attention
coefficient was set to 0.5. When the review emotion was
inconsistent, the attention to positive and negative words was
different, and the attention coefficient ranged from 0.5 <

α ≤ 1. Alpha values within this range represent weighted
attention to emotion, except that the higher the alpha value,
the higher the attention to emotion. For example, if α = 1,
then the review emphasizes only one emotion, either posi-
tive or negative. In this paper, the attention coefficient is set to
0.7 after discussion with experts. In addition, because accent
semantics in reviews cannot be automatically identified, man-
ual annotation is required during text processing.

b: EMOTIONAL WORDS (PN)
Use the proportion of positive words in all emotional words to
indicate the membership degree of positive words. The mem-
bership degree formula of positive words in the ith review is
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as follows:

P−n−µi =
P−ni

P−ni + N−ni + ε
(10)

The nonmembership degree is indicated by the proportion
of other words in the total number of words in the reviews.
The nonmembership degree formula of positive words in the
ith review is as follows:

P−n−ϑi = (1− P−n−µi)
(
1−

P−ni
Qi

)
(11)

where i ∈ M , P−n−µi is the membership degree of positive
words in the ith review;P−n−ϑi is the nonmembership degree
of positive words in the ith review.

The attribute values of negative words are calculated in the
same way.Let the membership degree of the negative words
in ith review be N−n−µi and the nonmembership degree of
the negative words in ith review be N−n−ϑi.

N−n−µi =
N−ni

P−ni + N−ni + ε
(12)

N−n−ϑi = (1− N−n−µi)
(
1−

N−ni
Qi

)
(13)

where i ∈ M .

c: FILM FEATURES (TZ)
This paper contains five types of film features, and the
calculation process of index attribute values under different
features is the same. The importance of film features to the
helpfulness of the review is adjusted by weight in the follow-
ing text. Due to the peculiarities of film reviews, the same
feature may be mentioned many times in the same review.
For example, a review contains multiple actors’ names and
mentions multiple storylines. Therefore, the membership
degree of film features can be calculated by frequency. Only
when film features are matched with emotional words can
the critic’s attitude be expressed. Therefore, the membership
degree is calculated by the proportion of feature words in
emotional words. Themembership degree of the film features
of nth category in ith review is as follows:

TZ−µin =
TZin

P−ni + N−ni + TZin + ε
(14)

When the film features are not modified by emotional
words, these features only express the objective statement
of the critic but do not convey an emotional attitude to the
reader. However, the features can convey some objective
information about the film. Therefore, the proportion of film
features in the remaining words is used to express the degree
of nonmembership. The nonmembership degree of the film
features of nth category in ith review is as follows:

TZ−ϑin = (1− TZ−µin)

×
TZin

P−ni + N−ni ++
∑n

1 TZi + ε
(15)

where i ∈ M , TZ−µin is the membership degree of the
film features of nth category in ith review; TZ−ϑin is the

nonmembership degree of the film features of nth category in
ith review; TZin is number of film features of the nth category
included in the ith review; n = 1, 2, 3, 4, 5 represents the
film ontological features in Table 1; that is, the story, theme,
character, scene, and director, respectively; and TZi is the total
number of feature words included in the ith review.

d: EMOTIONAL INTENSITY (INTENSITY)
Emotional intensity reflects the intensity of the critic’s emo-
tional tendency. For example, for ‘‘Z’s acting is good’’ and
‘‘Z’s acting is very good’’, the reference value for readers is
different. The modifier effect of emotional intensity words
enhances the credibility of the review information. In addi-
tion, the attribute value of emotional intensity words will
not change because of different modifiers; that is, the inten-
sity modifies semantic objects to the same degree. There-
fore, according to the method of Zhang (2020) [39], this
paper divides emotional intensity into five levels and sets the
attribute value in the same way. The specific meanings are
shown in Table 4.

Table 4. Examples of emotional intensity levels and their attribute values.

Considering that a review may contain multiple emotional
intensity words at the same time, the average emotional
intensity value is used to represent the emotional intensity
value of the whole sentence.We set the membership degree of
emotional intensity asAdv−ui and the nonmembership degree
of emotional intensity asAdv−vi. The calculationmethods are
as follows:

Adv− ui =
Advp
mi

(16)

Adv−vi = 1−
Advp
mi

(17)

where i ∈ M , Advp represents the sum of attribute values cor-
responding to different levels of emotional intensity words;
p = 1, 2, 3, 4, 5 represents the emotional intensity levels
in Table 4; andmi is the number of emotional intensity words
included in the ith review.

e: LENGTH OF REVIEWS (Len)
The review length is defined as the total number of words
contained in the review. Theoretically, the more words will
containmore information and the reviewwill bemore helpful.
However, if the number of review words is too high, then
the information will be redundant and the helpfulness of
the review will decrease. In addition, reviews that contain
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more incongruent emotions tend to be longer. Therefore,
we calculate the deviation degree and the membership degree
of emotional consistency from the average review length.
The membership degree of review length in ith review is as
follows:

Len− µi = Senti− cons− µi

×

√√√√∣∣∣∣∣Leni− 1
M

∑M
i=1 Leni

1
M6

M
i=1 Leni

∣∣∣∣∣ (18)

The nonmembership degree of review length in ith review
is as follows:

Len− ϑi = Senti− cons− ϑi (1− Len− µi) (19)

where i ∈ M ,M is the total number of reviews; Len− µi is the
membership degree of review length in ith review; Len− ϑi
is the nonmembership degree of review length in ith review;
Leni is the total number of words contained in the review.

3) INTUITIVE LANGUAGE EVALUATION SET
The attribute values of each index are calculated according to
formulas 8-19. Let l = 2; then, the language assessment set
S is {s1 = ‘‘very bad’’, s2 = ‘‘bad’’, s3 = ‘‘ordinary’’, s4 =
‘‘good’’, s5 = ‘‘very good’’}. According to Liu (2019) [21],
we assign a value to S. S is defined as {0 ≤ s1 ≤ 0.2, 0.2 <
s2 ≤ 0.4, 0.4 < s3 ≤ 0.6, 0.6 < s4 ≤ 0.8, 0.8 <

s5 ≤ 1}. By combining the language evaluation set with
each attribute value, the intuitive language evaluational set
(SO-ILES) based on emotional and ontological features, also
known as the decision matrix T is obtained.

After obtaining the decision matrix T =
[
tij
]
m×n, it is nec-

essary to normalize the matrix, which can avoid the impact
of different data dimensions on the decision results. Decision
indicators are usually divided into cost (denoted as Cost) and
benefit (denoted as Benefit). Referring to the method of Lin
(2019) [40], standardized processing is carried out according
to formula (20) to obtain the standardized decision matrix
T̃ = [̃tij]m×n.

t̃ij =

{
sθ
(
tij
)
, j ∈ Cost

s2l−θ
(
tij
)
, j ∈ Benefit

(20)

where i ∈ M , t̃ij is the intuitive linguistic number after
standardizing; sθ ∈ S, s2 l−θ ∈ S; T̃ is the standardized
decision matrix.

B. CALCULATION OF EVALUATION INDEX WEIGHT
To avoid the subjectivity of manual weight assignments,
index weights are standardized based on regression model
coefficients. The coefficient of the regression model reflects
the influence degree of the independent variable on the depen-
dent variable and can be used to measure the weight of
the index. Because the helpful classification of reviews is
a binary classification, we builds a logit regression model
based on 300 reviews about popular movies from the Douban
website obtained by web crawler technology. The regression

coefficient is shown in Table 5. We calculate the index weight
on this basis.

According to the section of ‘‘SELECTION OF EVAL-
UATION INDEX’’, the impact of factors at the emotional
and feature level on the helpfulness of reviews is obvious.
To ensure the scientific nature of the model, only indicators
at the emotional and feature level are selected to construct
the model. The weight of other indicators is adjusted through
the influence coefficient λ (0 ≤ λ ≤ 1). Given the greater
impact of indicators at the emotional and feature levels on
the helpfulness of reviews, the total influence coefficient
of the two levels λ was set as 0.9 after discussion with
experts. At present, unanimous conclusions have not been
reached on whether emotional intensity affects the helpful-
ness of reviews; therefore, it is not considered. In addition,
we assumed that the distribution of index weights is con-
sistent when the data have the same source. The data in
this paper are all from the Douban movie website; therefore,
the index weight value obtained in this section applies to the
case analysis in the following article.

Table 5. Regression coefficients in the Logit model.

The weights of each indicator in Table 5 ẇa is defined as
follows:

ẇa = λ
wa∑4
a=1 wa

(21)

where ẇa is the weight of each indicator in the study;
wais the regression coefficient of the factors in the logit
model,a = 1, 2, 3, 4, and they represent each influencing
factor in Table 5, w1 = 0.961, the rest are assigned in order;
λ is the influence coefficient, and its value is 0.9.
a = 4 is the weight of the film features (TZ), which is

calculated as 0.063 by formula (21). It is worth noting that
film features include director, character and other features.
The degree of influence of different features on moviegoers
is different. For example, some people like a certain theme,
the reviews on the theme items have more information value
for such people; therefore, it is necessary to subdivide film
features (TZ). The film features (TZ) can be described by the
film ontology model [38]. As shown in Table 1, we calculate
the weight of film features based on an attention degree.
The formula of feature weight ẇb for the film is shown in
Equation (22):

ẇb = ẇ4
wb∑5
b=1 wb

(22)

where ẇb is the weights of each film feature; ẇ4 is the weight
of film features (TZ); wb is the attention degree of each film
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feature, b = 1, 2, 3, 4, 5, which represents the features of a
film in Table 1. w1 = 0.438, the rest are assigned in order.
Emotional intensity reflects the intensity of expressed emo-

tions. The length of the text reflects the richness of review
information. These indicators were added to improve the
study, and the relationship between them was adjusted by
the weight coefficient γ (0 ≤ γ ≤ 1). Since most of
the evaluation indicators in this paper are at the semantic
level, after discussion with relevant experts, the length of the
review is given greater weight. We set γ = 0.4. The method
of weight calculation for emotional intensity ẇc and review
length ẇd is shown in formulas 23-24:

ẇc = γ
(
1−

∑4

a=1
ẇa

)
(23)

ẇd = (1− γ )
(
1−

∑4

a=1
ẇa

)
(24)

where ẇa is the weight of each indicator in the study, it is
calculated according to formula (21).

Table 6 is a summary of the weights, which are calculated
according to the formulas 21-24.

Table 6. Summary table of weights.

Finally, we normalize the index weight and calculate the
relative weight w̃j of Cj by formula (25).

w̃j =
ẇj

max1≤j≤n ẇj
j ∈ N (25)

where ẇjis the weight of each review’s helpfulness evaluation
index as shown in Table 6.

IV. CASE ANALYSIS
To verify the validity of the SO-ILES TODIM method,
a case analysis, comparative analysis, and parameter sensi-
tivity analysis were carried out with film short review data as
the research object.

A. DATA ACQUISITION AND PROCESSING
We choose the Douban film website (the largest film review
platform in China) as the data source for this paper and select
the classic movie Farewell My Concubine (Starring Leslie
Cheung) for case analysis. As is well known, there are some

admittedly rational reviews. By referring to these rational
reviews, we can judge whether the result of the experiment
is reliable. In addition, a film often contains many reviews,
and it may be impossible for a reader to read all of them.
The first page of reviews on third-party websites is the easiest
and first to be seen by readers. Considering readers’ reading
habits and time costs, only the first page of reviews on the
website is selected for the case analysis, which contains
twenty reviews in all. Python was used to preprocess text,
such as punctuation removal and word segmentation, and to
implement the programming, such as the builder program of
SO-ILES and the algorithm program of SO-ILES TODIM.

Data source: https : //movie.douban.com/subject/1
291546/comments?sort = new_score&status = P

Because pages on the site are constantly updated, the cur-
rent order of reviews may be different from the order of
reviews in the experiment. To ensure the credibility of the
data, a screenshot was taken to save the data, as shown in Fig-
ure 1. To facilitate the presentation, the reviews were marked
manually and marked as ‘‘rank_n’’, n = 1, 2, 3, . . . , 20,
as shown in the red box in Figure 1.

B. SORTING PROCESS
Step 1 (Construct the Intuitive Language Evaluation Set

(SO-ILES) Based on Emotional and Ontological Features):
Formulas 8-19 were used to calculate the values of the evalu-
ation index of the review helpfulness. The values were com-
bined with the language evaluation set to construct SO-ILES.
Because of space limitation, only SO-ILES values under the
five indicators of the first five reviews are listed in Table 7.
Step 2 (Build the Normalized Decision Matrix T̃ ): SO-

ILES is called the decision matrix T . Formula (20) is used to
obtain the normalized decision matrix T̃ . There is no doubt
that when the emotional consistency, emotional tendency,
and emotional intensity in film reviews are more obvious,
then readers are more easily persuaded. A longer review
corresponds to a greater number of characteristics, a more
informative text, and a more perceptive review. Therefore,
the research indicators in this paper are all benefit indicators,
that is, the higher the value, the more helpful the reviews is.
It is worth noting that since the research object is short film
reviews, the length of the review is limited by both third-party
websites and consumer review habits; in this case, a longer
review corresponds to a greater likelihood of containing more
helpful information. By formula (20), we know thatT̃ = T =[
tij
]
m×n.
Step 3 (Calculate the Relative Weights of Indicators w̃):

According to the section ‘‘CALCULATION OF EVALUA-
TION INDEX WEIGHT’’, formulas 21-25 are used to cal-
culate the relative weight of each evaluation index. After
calculation, we obtained the relative weight as follows: w̃ =
(1, 0.299, 0.241, 0.044, 0.026, 0.024, 0.015, 0.006, 0.07
4, 0.112). The sum of the relative weights is

∑
w̃ = 1.841.

Step 4 (Calculate the Score Function F(t) and the Exact
Function G(t) and Carry Out the Profit-Loss Analysis):
Based on formulas 1-2 and definition 3, we can compare the

1730 VOLUME 9, 2021



H. Dong et al.: Method for Ranking the Helpfulness of Online Reviews Based on SO-ILES TODIM

Figure 1. Screenshot of reviews on Douban’s website.

profit-loss of each review. For the convenience of expression,
if the comparison result is ‘‘greater than’’, then the relation-
ship is marked as ‘‘1’’, which indicates that the review is
superior to the other; if the comparison result is ‘‘equal’’,
then the relationship is marked as ‘‘0’’, which indicates that
the two reviews are equivalent in terms of the helpfulness
of the reviews; and if the comparison result is ‘‘less than’’,
then the relationship is marked as ‘‘−1’’, which indicates that

the review is less helpful than the other review. According to
formula(3), the specific merits and demerits are calculated
and their magnitude is d , thus, the degree of merits and
demerits of each review can be quantitatively understood.

Because of space limitations, only the profit-loss analysis
of the first five reviews in ‘‘Senti_cons’’ is listed as shown
in Tables 8 and 9. Taking the cell in the first row and
the second column as an example, the score function values
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Table 7. SO-ILES (Part).

Table 8. Analysis of profit - loss relationship.

Table 9. The value of profit - loss analysis.

of R1 and R2 are calculated by formula (1) as 0.217 and
0.5, respectively. Since F (R1) < F (R2), the relationship
between R1 and R2 is ‘‘−1’’. The result proves that R1 is less
helpful than R2, and the degree of its disadvantage is 0.523.
Step 5 (Calculate the Priority of Each Review Under

Each Evaluation Index to Build a Profit-Loss Priority Matrix
820×20): According to formulas 4-5, we set the loss attenua-
tion coefficient δ = 1 and calculate the priority of reviews
under each evaluation indicator φi to build the profit-loss
priority matrix 8. Following up from the previous section,
we also listed the priority values of the first five reviews
under the ‘‘Senti_cons’’ indicator. As shown in Table 10,
take the first row and second column cell as an example,
φ1 (R1,R2) = −(1.841 ∗ 0.523/1)1/2. Because the report
retains only three decimal places, the manual calculation of
φ1 (R1,R2) and program calculation of the numerical result
will be slightly different in Table 10.

Table 10. Priority values (Part).

Step 6 (Rank the Helpfulness of Reviews According to
Their Overall Priority): According to formula (6), we obtain
the overall priority Z . According to formula (7), the overall

priority Z is normalized and then the final ranking is obtained
according to the normalized value.

In step 5, we obtain the priority matrix 820×20.
We take the first review as an example 8(R1,Rk) =
{0.000,−2.054,−1.550, 1.684, 0.694, 3.803, 5.171, 0.954,
0.655, 2.777,−7.204, 0.652,−7.204, 0.950, 6.881, 0.159,−
4.991,−1.093, 4.849, 4.270}, where k = 1, 2, 3, . . . , 20.
8(R1,Rk) represents the priority of the first review relative
to the other 20 reviews. For example, a value of 0 compared
with its priority indicates that the helpfulness of its review is
neither better nor worse than itself. By formula (6), the review
helpfulness priority is aggregated, and then we obtain the
overall priority Z (R1) = 3.849.

The overall priority for all reviews is Z = {3.849,−8.670,
−34.469,−67.390,−65.634,−156.586,−153.876,−68.576,
−34.803,−42.841, 110.902,−80.349, 110.902,−122.327,
−260.785,−89.593,34.480,−61.967,−168.807,−108.159}.
The normalized priority of all reviews is 0 = {0.712, 0.678,
0.609, 0.520, 0.525,0.280,0.288, 0.517, 0.608, 0.586, 1.000,
0.485,1.000,0.373,0.000,0.461, 0.794, 0.535, 0.247, 0.411}.
In descending order, the helpfulness of the 20 reviews is
R11 < R13 � R17 � R1 � R2 � R3 � R9 � R10 �
R18 � R5 � R4 � R8 � R12 � R16 � R20 � R14 � R7 �
R6 � R19 � R15. The reviews are subtitled as the original
ranking of Douban’s website.

To understand the analysis of the results in the following
part, this paper defines ‘‘direct evaluation of a film’’ as a
review for a particular film and in which the specific name
of the movie can be determined and ‘‘indirect evaluation of
a film’’ as a review that applies to all films in general and
in which the specific name of the movie cannot be deter-
mined. There is no doubt that when we are faced with a new
product, we tend to obtain specific information. It is easy
to understand that reviews are more helpful when they refer
specifically to a film. In other words, when reviews refer
to films in general, the helpfulness of reviews is relatively
low.

The experimental result shows that the ranking results
obtained by using the SO-ILES TODIM method are dif-
ferent from those obtained by using the website. The
number one review on the site was ranked number four
in the results of this paper. The first review on the
site read as follows: ‘‘ Kaige Chen can live on it
twice. Now it seems to be excusable that he is at his
wit’s end. (in Chinese: ,

)’’. This review expresses
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Table 11. The top 5 reviews in SO-ILES TODIM_rank and Net_rank and their corresponding text.

only the professional level of the director, which is an indi-
rect evaluation of a film. With relatively low helpfulness, its
review ranking has dropped. The first review in the results of
this paper is as follows: ‘‘ Dieyi Cheng and the protagonist
of The Legend of 1900, are of the same kind. (in Chinese:

, , )’’. Although
it was ranked 11th on the original site, it is a direct evaluation
of a film, its review ranking has increased. The analysis
results show that the SO-ILES TODIMmethod can prioritize
to the reviews that directly and specifically describe a film,
which is more helpful to purchasing decisions. Therefore,
the SO-ILES TODIM method is more scientific.

To avoid chance, we expand the comparison to the top five.
The sorting result of the website is denoted as ‘‘Net_rank’’
and the sorting result of this paper is denoted as ‘‘SO-ILES
TODIM_rank’’. To facilitate the presentation, the longer
review text is manually omitted and replaced by an ellipsis,
and it does not affect the judgment of the helpfulness value
of the review. Table 11 shows that SO-ILES TODIM_rank
contains four direct evaluation reviews and one indirect eval-
uation review while Net_rank contains three direct evaluation
reviews of the film and two indirect evaluation reviews. Since
SO-ILES TODIM_rank has more direct evaluation reviews
than Net_rank and the ratings of those reviews are relatively
near the top, they both are conducive to reducing the time cost
of readers and beneficial for consumers to make purchasing
decisions. Therefore, the effectiveness and superiority of the
SO-ILES TODIM method are verified.

The amount of experimental data is relatively small, thus,
the difference with the original website is relatively small.
However, e-commerce systems have tens of thousands of
reviews. These differences can be magnified by the large
volume of data. The review ranking implemented by the
SO-ILES TODIM method will prioritize presenting a direct

evaluation review of a film and realizing the helpfulness
ranking of reviews. It can greatly reduce the redundancy of
review information and improve the efficiency of consumers’
purchasing decisions.

C. COMPARATIVE ANALYSIS
Controversy remains over whether to select the index of emo-
tional intensity in section III. Thus, although most scholars
have studied the influence of emotional intensity on the help-
fulness of reviews, the research conclusions are not uniform.
To further study whether emotional intensity has an impact
on review ranking, this paper excluded the index of emotional
intensity to perform a comparative analysis of the helpfulness
ranking of reviews again.

According to the processing of SO-ILES TODIM, when
the indicator of emotional intensity is excluded, the weight
allocation of each indicator will be affected. In this paper,
the weight of each index is adjusted by the proportional
allocation method. Then, we calculate the value of profit-
loss priority and construct the profit-loss priority matrix. The
weight adjustment formula is as follows:

w−no−advj = wj + wadv
wj∑

adv/∈Cj wj
(26)

where j ∈ N , adv is the the emotional intensity index; Cj
is the set of evaluation indexes; wj is the weight of each
indicator when considering emotional intensity and does not
include the emotional intensity index; wadv is the weight
of the emotional intensity index, which is 0.04 as shown
in Table 6;w−no−advj represents the weight of each indicator
regardless of the emotional intensity.

Defining ˜w_no_adv as the relative weight after adjust-
ment, which is calculated by formula (25). ˜w_no_adv =
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(1.0, 0.296, 0.241, 0.044, 0.026, 0.024, 0.015, 0.006, 0.112).
The sum of the relative weights is

∑ ˜w_no_adv = 1.764.
For comparison with the information in section ‘‘SORT-

ING PROCESS’’, the first five calculated values of reviews
under the ‘‘Senti_cons’’ indicator are also listed here. Accord-
ing to steps 4-6, the priority matrix is calculated as 8́20×20.
Taking the first review as an example, 8́ (R1,Rk) =
{0.000,−4.460,−4.460, 0.755,−1.410, 1.733, 5.140, 1.894,
0.029,−2.201,−6.719, 3.026,−6.719, 2.201, 5.416,−2.202,
− 4.461, 1.449, 3.589, 4.808}, where k = 1, 2, 3, . . . , 20.
8́ (R1,Rk) represents the priority of the first review relative
to the other 20 reviews. By formula (6), we gather to review
helpfulness priorities, and then we obtain the overall priority
Ź (R1) = −6.994.
Regardless of emotional intensity, the overall priority of all

reviewswas Ź = {−6.994,24.030,20.237,−45.129,−65.474,
−75.968,−162.301,−122.912,−24.824,−51.349, 100.327,
−112.788, 100.327,−51.608,−198.068,−55.763, 25.065,
− 101.895,−123.110,−139.368}. The normalized priority
of all reviews was 0́ = {0.640, 0.744, 0.732, 0.513, 0.444,
0.409, 0.120, 0.252, 0.581, 0.492, 1.000, 0.286, 1.000, 0.491,
0.000, 0.477, 0.748, 0.322, 0.251, 0.197}. Ranked in descend-
ing order, the helpfulness of the 20 reviews regardless of
emotional intensity was R11 < R13 � R17 � R2 � R3 �
R1 � R9 � R4 � R10 � R14 � R16 � R5 � R6 � R18 �
R12 � R8 � R19 � R20 � R7 � R15.

Table 12. Comparative analysis of Rank with ADV and Rank without ADV.

A comparative analysis of the rankings is shown
in Table 12. Let us call the rank in which we take into
account the emotional intensity indicator as ‘‘Rank with
ADV’’ and the rank that does not take into account the
emotional intensity indicator as ‘‘Rank without ADV’’. First,
a comparison of ‘‘Rank with ADV’’ and ‘‘Rank without
ADV’’ show that, the rank of the top three reviews is con-
sistent, which shows that within a certain ranking range (the
top three), considering emotional intensity did not affect on
the ranking results. Second, of the top five reviews, four
reviews remain unchanged. People are accustomed to reading
multiple reviews to comprehensively judge the value of a
product. Therefore, the emotional intensity index has little
influence on the ranking result under the condition that the
content presented is roughly the same. The above two points
prove that the rank of helpfulness of reviews differs but to a
lesser extent whether or not an indicator of emotional inten-
sity is selected. This indicator can be considered depending
on the specific business environment, or it can be weighted
according to business requirements based on the two ranking

Table 13. Statistical results of the top 5 reviews under different
parameters.

results. For the comprehensiveness of the study, follow-up
experiments will be carried out based on considering the
index of emotional intensity.

D. PARAMETER SENSITIVITY ANALYSIS
When constructing the profit-loss priority matrix, we set the
loss attenuation coefficient as 1. However, since SO-ILES
TODIM is a decision-making method with a parameter, this
parameter directly affects the calculation of the profit-loss
priority value and ultimately affects the ranking of reviews.
Therefore, a sensitivity analysis was carried out. We set δ =
{0.1, 0.5, 1}. The results are shown in Table 13.
For the convenience of analysis, we enumerate the first

occurrence of different ranking positions under different
parameters; that is, the sorting position of the 7th place.
Table 13 shows that when the SO-ILES TODIMmethod takes
different parameters, the review content and ranking of the
first 5 of the 7 reviews are the same. The review content
under the three parameters was not the same until the 7th
review. These results indicate that different parameter values
have little influence on order, which proves that the SO-ILES
TODIM method is stable.

In the 6th review, the content of the review rendered by the
order starts to differ due to the parameters. We select the 7th
review for analysis since its ranking is different under three
parameters. When δ = 0.1, the 7th review is R3: ‘‘ Telling
the whole truth in front of everyone, he said, the Consort
Yu is the real Consort Yu, but the Ba Wang Xiang Yu is the
fake one. (in Chinese: , ,

)’’. When δ = 0.5, the 7th review is R10:
‘‘ My majesty is doomed to die; what’s the meaning of my
survival? (in Chinese: , )’’. When
δ = 1, the 7th review is R9: ‘‘ The best movie in China.(in
Chinese: )’’. (Background: Yu Ji is the
name of a concubine, which in modern contexts means a wife,
and Yu Ji is the wife’s real name. We can simply understand
that Yu Ji is a more specific reference.)
δ represents the loss attenuation coefficient, and a smaller

value indicates that the decision-maker is more concerned
about the loss. In other words, they tend to prioritize
more direct evaluation reviews of a film, which provide a
more accurate understanding. However, with the increasing
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attenuation coefficient of losses, the extent of the decision-
makers’ avoidance of losses is reduced; that is, they are less
concerned about the loss. In other words, the consumers are
not as concerned about obtaining an accurate understanding
of the film. As both R3 and R10 are direct evaluations of the
film, and R3 is more specific than R10, R3 is screened out
at the smallest parameter (δ = 0.1), R10 is filtered at the
bigger parameter (δ = 0.5). R9 applies to all films; therefore,
it is an indirect review of a film, which means that we cannot
judge the film from the reviews. Therefore, it is screened out
when the decision maker is less concerned about the loss. The
experimental results show that the loss attenuation coefficient
can reflect the extent of decision-makers’ loss avoidance,
which indicates the scientific nature of the SO-ILES TODIM
method.

V. CONCLUSION
Online reviews are an important basis for consumers to make
purchasing decisions when shopping online. This paper stud-
ies the helpfulness ranking of online reviews to improve the
purchasing efficiency by prioritizing helpful reviews. The
research in this paper extends the research depth of the
helpfulness of reviews, enriches the research method of the
helpfulness ranking of reviews, and provides insights about
the effective management of online reviews by businesses.

Taking film reviews as the research object, the SO-ILES
TODIM method is proposed to rank the helpfulness of
reviews. This method constructs a new language evaluation
set, the intuitive language evaluation set based on emotional
and ontological features (SO-ILES), which can effectively
extract the characteristic information of research objects and
is more applicable in the field. In addition, this method
includes a calculation formula for index attribute value based
on statistical rules and proposes the calculation method of
index weight based on the logit regression model. These two
points realize the quantitative calculation of attribute value
and weight value, which, effectively avoids the subjectivity
of manual assignment.

The case analysis demonstrates that the SO-ILES TODIM
method can prioritize direct evaluation reviews of a film,
which proves the effectiveness of the SO-ILES TODIM
method. A comparative analysis of the choice of the emo-
tional intensity index shows that its effect on the final review
ranking is not significant. The choice of the emotional inten-
sity index can be made according to the business environ-
ment. The parameter sensitivity analysis shows that the loss
attenuation coefficient can not only ensure that the parameters
reflect the decision maker’s loss avoidance psychology but
also ensure the relative stability of the review ordering in a
certain range when the parameters change, which proves that
the SO-ILES TODIM method is scientific.

There are still some deficiencies in the study. Due to the
lack of review language standardization, a value of zero is
prone to appear in the statistics of the evaluation index, thus
causing the ranking equivalence problem. It is hoped that
this problem can be improved in future studies. Additionally,

due to people’ s reading habits and the limitation of report
space, the number of reviews selected in the study is relatively
small. In the future, we can consider increasing the number
of reviews to observe the consistency of conclusions.
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