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Abstract: Since the introduction of the grey forecasting model, various improvements have been
developed in the field of grey accumulated generating operators (AGOs). Fractional accumulated
generating operator (FAGO) and other novel AGOs have enriched the grey theory and expanded
its application scope. Nevertheless, limited attention has been given to interrelationships and
contributions of new and old information. To fill this research gap, this study employed the DEMATEL
method to calculate the influence degree of samples under different grey AGOs. Additionally, the
pattern of influence degree variation with respect to the accumulation order was determined. The
results demonstrate that, compared to traditional first-order AGO, FAGO and its corresponding
grey forecasting models can effectively utilize the advantages of new information by altering the
accumulation order.

Keywords: grey forecasting model; DEMATEL; fractional accumulation; influence degree

1. Introduction

Accurate and efficient forecasting is an indispensable and crucial part of the manage-
ment decision-making process. In recent years, various predictive analysis methods have
emerged, including forecasting models suitable for big data, such as regression forecast-
ing [1], and neural network models, according to intelligent optimization algorithms [2], etc.
Nevertheless, obtaining sufficient sample data is often challenging in many real-world
scenarios. In comparison to forecasting methods that require a massive amount of data,
the grey forecasting model achieves reliable predictive results with only a small amount
of data. The grey forecasting model originates from research on nonlinear and uncertain
problems. By performing accumulation generation and modeling on data sequences, it can
extract useful information from a small amount of data and make effective predictions [3].
Compared to other methods, the grey forecasting model offers several advantages: (1) it
exhibits strong capability in handling small sample data or missing data; (2) the model is
simple, computationally convenient, and suitable for rapid prediction; (3) it can capture in-
herent patterns and trends within a system. Therefore, it has gained extensive applications
in diverse social science fields. For example, in the economic domain, it can be employed to
predict stock prices [4], energy prices [5], economic growth rates [6], etc. In environmental
science, it can be utilized to assess air quality [7], water resource utilization [8], energy
consumption [9], etc.

Since Deng [10] proposed the grey prediction model in 1982, numerous scholars have
made significant improvements to the model from various perspectives. Research efforts
have primarily concentrated on optimizing background values and initial conditions [11,12],
transforming functions [13], adjusting residual errors through the incorporation of correc-
tion factors [14-16], and enhancing the accumulated generating operator (AGO) [17-19]. As
a data transformation method, AGO is an essential component that distinguishes the grey
model from other theories and holds a crucial position within the grey prediction model.
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By applying AGO, the original data can be transformed into accumulated values. The
traditional grey prediction model employs the first-order accumulated generating operator
(1-AGO) to preprocess the original data and enhance the regularity of the fitting sequence.
However, the 1-AGO imposes restrictions on the forecasting ability of the grey model in
nonlinear problems, and its fixed model structure also reduces its applicability in complex
systems [20]. To enhance the stability of the model solution and obtain more accurate
forecasting results, it is necessary to fully exploit the advantages of new information in the
data [21]. Consequently, many researchers endeavored to improve the effectiveness of the
grey AGOs, thus expanding the application scope of the grey model. FAGO reveals the
trend of changes in the original data by performing fractional accumulation. It can handle
nonlinear data and reveal trends in complex or irregular data. Table 1 presents the research
process regarding grey AGOs.

Table 1. Research process regarding grey AGOs.

Author’s
Information

AGOs

Contribution

Wu (2013) [17]

Fractional accumulated generating
operator (FAGO)

Reducing inherent randomness in data and enhancing the
performance of the model for nonlinear forecasting problems.

Chen (2020) [22]

Fractional Hausdorff accumulated
generating operator (FHAGO)

Improving the predictive accuracy of traditional grey model and
validating its applicability through three cases.

Ma (2020) [23]

Conformable fractional accumulated
generating operator (CFAGO)

Predicting natural gas consumption in 11 countries to
demonstrate its higher efficiency in long-term and non-stationary
time series prediction.

Zhou (2017) [24]

New information priority accumulated
generating operator (NIPAGO)

Further reflecting the information priority and validating the
effectiveness of the model.

Liu (2021) [25]

Damping accumulated generating
operator (DAGO)

Flexibly adjusting the trend component and correcting the results
and validating the applicability through four cases.

Zhu (2022) [26]

Weakened fractional order accumulated
generating operator (WFAGO)

Reducing the ill-condition of the discrete grey system and
improving its performance and verifying the feasibility by
predicting electricity consumption in Zhejiang and Heilongjiang.

Zhao (2020) [19]

Adjacent accumulated generating
operator (AAGO)

Demonstrating its stability and high predictive accuracy,
predicting the renewable energy consumption in the Asia—Pacific
Economic Cooperation region.

Xiao (2017) [27]

Cycle truncation accumulated generating
operator (CAGO)

Converting the traffic flow sequence of seasonal fluctuation into a
flat sequence and verifying performance through predicting the
traffic flow in China and Canada.

Li (2022) [28]

Generalized accumulated generating
operator (GAGO)

Introducing a new information priority generalized accumulative
grey model and forecasting greenhouse gas emissions in
Shanghai Cooperation Organization member states.

Guo (2021) [29]

Quarterly compound accumulated
generating operator (QAGO)

Introducing two seasonal parameters into the model and
forecasting air quality in 22 cities.

Che (2013) [30]

Opposite-direction accumulated
generating operator (OAGO)

Making full use of the new information and validating its
applicability by predicting fatigue experimental data of Ti alloy.

The above AGOs have significantly enriched grey theory and expanded the application
scope of grey forecasting models. Nevertheless, there are still deficiencies in the research
about the mathematical theoretical analysis of these AGOs. To investigate the difference
in the utilization of new and old information under different AGOs, this paper adopts
the decision-making trial and evaluation laboratory (DEMATEL) method to calculate the
influence degree of each sample after accumulation. The DEMATEL method allows for the
quantification of interrelationships and contributions between various factors in the system.
This provides a more comprehensive understanding of the interactions among different
AGOs and facilitates the evaluation of their importance in predicting model outcomes. The
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selected AGOs in this study are FAGO, FHAGO, CFAGO, NIPAGO, DAGO, and WFAGO,
as illustrated in Figure 1.

iy
= X (k)= Zﬁkkl xO
&.

bl

k
0 =2Cr 800
=1

/

X" (k)= z

—xO@) | " (k)= Zr"’x“”(:)

»
»

Figure 1. The relation between the 1-AGO and other AGOs.

The rest of this paper is organized as follows: Section 2 outlines the process of using
the DEMATEL method to calculate the influence degree and presents the coefficient matrix
of different AGOs. Section 3 analyzes the variations in influence degree between new and
old information under various accumulation methods. Section 4 summarizes the variation
regularity of the influence degree resulting from different accumulation orders and offers
relevant suggestions accordingly.

2. Method and Model
2.1. The Grey Forecasting Model

The grey forecasting model is typically used for modeling and forecasting data with
exponential growth patterns. Its core steps include data accumulation, equalization, the
establishment of a differential equation, parameter estimation, and model testing. AGO
facilitates the transformation of non-stationary time series into stationary sequences through
accumulation, thereby enhancing the modeling and prediction processes. Improved AGOs
have evolved to address different growth trends within time series, enabling a more
effective capture of underlying tendencies. The whitening differential equation serves as a
mathematical transformation aimed at enhancing estimation accuracy. The integration of
AGO and whitening differential equations confers grey models with improved versatility
and adaptability, resulting in better performance in modeling and prediction.

The GM(1,1) is a commonly used grey forecasting model. It utilizes the 1—AGO for mod-
eling and forecasting. The original sequence is X(0 = {x(0)(1),x(©)(2),. .. ( )}. The

1-AGO sequence X1 = {x(M(1),xM)(2),---,xM)(n)} is obtained by x() (k ) Z x©O) (1),

k =1,2,---,n. Subsequently, the white differential equation is established usmg the
accumulated sequence, enabling data fitting and prediction in a more accessible manner.
It is important to note that the GM(1,1) model is primarily suitable for data with
exponential growth patterns and may not perform well for data with non-exponential
growth. Additionally, it relies on the assumption of linear relationships and may not fit
well for data with nonlinear relationships. Moreover, in the process of model selection,
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it is important to evaluate and validate the suitability of the model based on the specific
problem at hand.

2.2. Different Grey AGOs and Coefficient Matrix

The original sequence is given as X(©) = {x()(1),x(0)(2),--.,x(O(n)}. The r-order
FAGO sequence of X" = {x("(1),x(")(2),---,x(")(n)} is obtained by the accumula-
tive formula:

- Vi) )
where CE 1=1 CkJrl =0, C,IE zl+r 1= (k—1+r—l)(k(;i—li—)r!—Z)“{r—&-l)r, k=1,2,---,n

According to Equation (1), the coefficient matrix under FAGO is

0 C} CZ+r2 3 CZ+r1 2

0 0 - CZ;E—A‘ CZ;Z%

oo : @
o o0 - 0 C}

o o0 -- 0 0

The r-order accumulation sequence of the fractional Hausdorff grey model is obtained
by FHAGO on the original sequence. The FHAGO sequence is

M) (k) :i[ir — (=120, k=12, ,n ®)

i=1

The coefficient matrix under FHAGO is

o1 --- 1 1

o0 --- 2"-1 2r —1

SR : : 4)
00 -+ 0 m-1)"-mn-2)

o o0 --- 0 0

The conformable fractional grey model proposes CFAGO to predict more effectively
in long-term forecasts and non-smooth time series [23]. Based on the original sequence,
the CFAGO is applied to obtain the r-order accumulation sequence of the conformable
fractional grey model. The CFAGO sequence is

k=1,2,--- ,n. ®)

where [r] is the smallest integer greater than or equal to r. When r is close to 1, the
CFAGO sequence is close to the 1-AGO sequence, and when r is close to 2, the conformable
fractional accumulation sequence is close to the second-order accumulated generating
operator (2-AGO) sequence.
When 0 < r < 1, the coefficient matrix under CFAGO is

01
0 0
(6)
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When r > 1, the coefficient matrix under CFAGO is
1 n—2 n—1
0 ¢y Cn+£r]—3 Cn-l—Lr]—Z
0o o0 ... Coti—a  Curl-s
or]=r 2lr]=r
: @)
Cl
o o .- 0 M
(=1l
o o .- 0 0

The r-order accumulation sequence of the new information priority grey model is
obtained by NIPAGO on the original sequence. The NIPAGO sequence is

k
x) (k) =) 0 G),k=1,2,- - ,n. 8)
i=1

The coefficient matrix under NIPAGO is

0 r ph=2  4n-1

0 0 ... pn=3 412

R : : )
o o0 --- 0 r

0 0 0 0

Based on the original sequence, the DAGO is applied to obtain the r-order accumula-
tion sequence of the damping grey model. The DAGO sequence is

1 .
—xO(3), k=12, ,n. (10)

k
x() (k) :2
i=1

i

The coefficient matrix under DAGO is

01 1 1
1 1
0 0 11
: Do (11)
0 0 0 -
rn
0 0 0 0

The r-order accumulation sequence of the weakened fractional grey model is obtained
by WFAGO on the original sequence. The WFAGO sequence is

k —
x(P) (k) :Z% 1@?{7? el X 9%), k=12, ,n. (12)
-

where 6 and p are the parameters to control the swift growth trend of the data. Zhu et al.
utilized the examples of electricity consumption in Heilongjiang and Zhejiang to demon-
strate the superiority of WFAO over other AGOs in terms of predictive performance and
system ill-condition [26]. WFAGO combines multiplicative transformation with the modi-
fied FAGO. It can reduce initial data size through multiplicative transformation and adapt
to different time series by adjusting hyperparameters. This flexibility and adaptability
highlight the effectiveness of WFAGO in various applications. The existing 1-AGO, r-AGO,
NIPAO, and DAGO are all special forms of WFAO. When the parameters p, r, and 6 take
different values, WFAGO can degenerate into 1-AGO (p =0,r =1, 60 = 1), FAGO (p =0,
6=1), NIPAGO (p=0,r=1,6 > 1), and DAGO (p =0, r =1, 0€(0,1]), respectively.
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The coefficient matrix under WFAGO is

110”7 n—2 10°7 n—1 10°°F
0 G R Cn+r—3 gn—2 Cn+r—2 gn—1
n—3 10°F n—2 10°°F
0 0 - Clyes Cirapez
. . (13)
110°P7
0 0 o 0 Clig?
0 0 S 0 0

By utilizing the coefficient matrix for various AGOs, the influence degree of each oper-
ator can be calculated. The calculation steps are described in Section 2.4. The comparison
of different AGOs is shown in Table 2.

Table 2. The comparison of different AGOs.

AGOs Advantages Disadvantages
FAGO It can handle nonlinear data and reveal trends in complex or irregular data.  High computational requirements.
FHAGO ?t can sa.tlsfy the h}gh stability of the model solution and simplify the Unable to utilize initial value
integration operation process.
It can maintain data consistency and stability, possess linear characteristics, = Significant errors may occur when
CFAGO . . . . . .
and have relatively simple calculations. dealing with non-linear data.
It assigns increasing weights to historical data through series operations to ~ The contribution of older data may be
NIPAGO : . .
ensure that new data has greater importance than old data. excessively disregarded.
DAGO During the accumulation process, each data point is given the same weight, There may be significant errors for
so that the accumulation sequence still has monotonicity. non-linear data.
WEAGO It can alleviate the pathological state of the system by reducing the High computational requirements.

differences between system elements.

2.3. The DEMATEL Method

DEMATEL is an analytical approach for the analysis of various factors in a system,
developed by the Battelle Institute [31]. This method combines graph theory and matrix
tools and constructs a direct impact matrix based on the logic relations among the system
elements. By describing the interrelationships of each element, the influence factors can
be identified [32]. As an effective method to evaluate and identify the causal relation-
ships between elements, it has been widely used to study the interactions in complex
systems [33-35]. The existing literature on DEMATEL analysis mainly focuses on its de-
velopment and improvement. In addition, hybrid models combining it with techniques
such as grey model [36], analytic network process [37], or fuzzy logic [38] were proposed
and studied. These studies provide insights into the relative performance and applica-
bility of DEMATEL in different contexts. In this study, we introduce the application of
DEMATEL to analyze AGOs in complex grey systems, demonstrating the practicality of
this method in this new scenario. This paper uses the DEMATEL method to analyze the
information priority. To facilitate understanding, we only select the influence degree to
measure and investigate.

2.4. Influence Degree Calculation

The coefficient matrix of the grey model is used as the direct relation matrix of DEMA-
TEL. In consideration of rationality, it is assumed that new information has no influence on
old information, and thus its influence degree is assigned as 0. For example, the influence
degree of x(?)(2) on x()(1) is considered to be 0, and similarly, the influence degree of
x(9(3) on both x(9 (1) and x(0)(2) is also 0. Moreover, the influence degree of each sample
on itself is recorded as 0. For instance, the influence degree of x()(1) on itself is 0.
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Taking five samples under 1-AGO as an example, the influence of each sample in
X = {x0(1),x9(2),x0)(3), x(0)(4),x(9)(5)} can be calculated, the calculation process
is as follows.

Step 1: The direct relation matrix is generated by the coefficient matrix of the 1-AGO,
as shown in Table 3.

Table 3. The direct relation matrix A.

x0 (1) x© (2) x© (3) x© () x0 (5)
x© (1) 0 1 1 1 1
1O (2) 0 0 1 1 1
1O (3) 0 0 0 1 1
10 (4) 0 0 0 0 1
¥ (5) 0 0 0 0 0

Step 2: The direct relation matrix is normalized by summing each row in matrix A
and taking the maximum value of the row sum. Each value in matrix A is divided by
the maximum value, and the normalized relation matrix Z can be obtained, as shown in
Table 4.

Table 4. The normalized relation matrix Z.

x(O) 1) x(O) ) x(O) 3) x(O) @) x(()) (5)
1O (1) 0 0.25 0.25 0.25 0.25
1O (2) 0 0 0.25 0.25 0.25
10 (3) 0 0 0 0.25 0.25
x© (4) 0 0 0 0 0.25
1O (5) 0 0 0 0 0

Step 3: The total relation matrix C can be calculated by C = Z(I — Z )_1, where Z is
the normalized relation matrix, I is the identity matrix, (I — Z)71 is the inverse matrix of
(I — Z). The matrix Z multiplication represents the indirect effects that elements have on
each other. After Z is repeatedly multiplied, all its values will approach zero. When all the

o lim Zk=0
indirect effects are summed up, the formulaisC = ¥ z8“"% Cc=z(I-2)""
k=1
The total relation matrix C is shown in Table 5.

Table 5. The total relation matrix C.

x0 1) 20 ) 20 3) (@ @) +© (5)
+© (1) 0 0.25 0.31 0.39 0.49
1O (2) 0 0 0.25 0.31 0.39
10 (3) 0 0 0 0.25 0.31
x© (4) 0 0 0 0 0.25
1O (5) 0 0 0 0 0

Step 4: According to the total relation matrix, the influence degree of each sample after
accumulation can be calculated. The influence degree indicates the sum of the direct and
indirect impacts of the corresponding individual sample on other individual samples, and
it corresponds to the sum of each row except the last column. The affected degree indicates
that the samples are influenced by the other criteria directly or indirectly. In this paper, for
the convenience of discussion, we only selected the degree of influence to observe. The
calculation results are shown in Table 6.
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Table 6. The influence degree of each sample.
x©@ 1) (@ ) (@ 3) ¥ @ @ Pl (5)
Influence 1.44 0.95 0.56 0.25 0
degree

Step 5: The above process calculates the influence degree for samples under 1-AGO,
and this calculation process applies uniformly to samples under varying AGOs. Different
AGOs have different direct relation matrices. For example, by employing Equation (1) to
bring the coefficient matrix of FAGO into the direct relation matrix, the influence degree of
each sample in FAGO under different accumulation orders can be obtained, as shown in
Table 7.

Table 7. The influence degree of each sample under different accumulation orders.

Accumulation Orders

Influence
Degree 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
x© (1) 144 148 151 155 160 165 170 177 184 191
0 (2) 095 099 102 1.06 110 115 120 125 131 138
x© (3) 056 059 062 065 068 072 075 080 084 089
x© (4) 0.25 027 028 030 032 034 037 039 042 045
1O (5) 0 0 0 0 0 0 0 0 0 0

Step 6: The influence weight of each sample can be obtained by summing each column
of influence degree in Table 7 and then dividing each value by the sum of each column, as
shown in Table 8.

Table 8. The influence weight of each sample under different accumulation orders after processing.

Accumulation Orders

Influence
Weight 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
1O (1) 0.45 044 044 044 043 043 042 042 042 041
1O (2) 0.30 030 030 030 030 030 030 030 030 030
10 (3) 0.18 018 018 018 018 019 019 019 019 0.19
+© (4) 0.08 008 008 008 009 009 009 009 010 0.10
1O (5) 0 0 0 0 0 0 0 0 0 0

3. Results and Discussion
3.1. The Impact of FAGO on Different Sample Size

According to the FAGO in Equation (1), the variations in the influence degree of
each sample under different accumulation orders are calculated, respectively. To further
explore the influence degree of new and old information in the process of fractional order
accumulation, the results were normalized. After the normalization process, the influence
weight of the sample in FAGO is shown in Figure 2.

We can see that new information had the least influence weight, and old information
had the greatest influence weight. Compared with the traditional first-order accumulation,
in the sequence obtained by FAGO, as the accumulation order decreased, the influence
weight of the new information increased, and the weight of the old information was
reduced. New information always has a smaller influence than old information.

To verify whether the rule will fail due to the change in sample number, we calculated
the variation of the influence weight with the accumulation order when the number of
samples was 6 to 10, respectively, and the results are shown in Figures 3-7.

Although the influence weight of each sample changed with the sample size, the above
rules will not alter due to the increase in sample size. Therefore, it can be concluded that
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FAGO had an impact on the influence weight of new and old information. According to
the above rules, the advantages of new information can be better utilized by changing the
accumulation order.
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Figure 2. The influence weight of five samples in FAGO.
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Figure 6. The influence weight of nine samples in FAGO.
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Figure 7. The influence weight of 10 samples in FAGO.

3.2. The Impact of FHAGO on Different Sample Sizes

The results show that the restore error of the fractional Hausdorff grey model will be
small when the order r > 1. Using the DEMATEL method to verify the influence of each
sample in the model, the results are shown in Figures 8-13.
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As the accumulation order increased, the influence weight of new information showed
an upward trend, and the influence weight of old information showed a downward trend,
accordingly. In addition, when the sample size changed, the influence weight of each
sample also changed accordingly, and the above rules did not alter due to the increase in
sample size. Therefore, it can be concluded that FHAGO had an impact on the influence
weight of the new and old information.

0.30 4
0.4 1
0.25
0.3 = =
= = =)
o o o
g go. B
o o @
2 2 20
§o.2 £ £
= = st
] ] ]
= = ~0.10

e

0.5

0.4
- o
= =
B0 o0
0.3 o
= =
@ @
° S0
= =
5 5
302 E]
= =
= =
S =

e

0.0

1.4 1.6 1.8
Accumulation order

0.4

1.2 1.4 1.6 1.8
Accumulation order

(PR E)] 100
0.35 T T T T T T T T T T
0.30 0.15
=0.25 -
= =
oo £l
by )
=0.20 =0.10
© ©
S 5
g z
20.15 S
= 2
= !
=0.10 =0.05 H
0.05
0.00 0.00 L L L L

Figure 8. The influence weight of five samples in FHAGO.
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Figure 9. The influence weight of six samples in FHAGO.
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Figure 10. The influence weight of seven samples in FHAGO.
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Figure 11. The influence weight of eight samples in FHAGO.
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Figure 13. The influence weight of 10 samples in FHAGO.
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3.3. The Impact of CFAGO on Different Sample Sizes

Since the range of accumulation order will cause different accumulation coefficients,
we discuss the two cases of 0 < ¥ < 1 and r > 1, respectively. When 0 < r < 1, using
the DEMATEL method to verify the influence of each sample in the model, the results are
shown in Figures 14-19.
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Figure 14. The influence weight of five samples in CFAGO when 0 < r < 1.
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Figure 15. The influence weight of six samples in CFAGO when 0 < r < 1.
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Figure 16. The influence weight of seven samples in CFAGO when 0 < r < 1.
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Figure 17. The influence weight of eight samples in CFAGO when 0 < r < 1.
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Figure 18. The influence weight of nine samples in CFAGO when 0 < r < 1.
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Figure 19. The influence weight of 10 samples in CFAGO when 0 < r < 1.
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As can be seen from Figures 14-19, when 0 < r < 1, the influence weight of new
information showed an upward trend with the accumulation order increasing, and the
influence weight of old information accordingly showed a downward trend. When r > 1,
using the DEMATEL method to verify the influence of each sample in the model, the results
are shown in Figures 20-25.
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Figure 20. The influence weight of five samples in CFAGO when r > 1.
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0.3 T T T T T 0.20 T T T T T
. - -
5 Fo.2 £
3 3 T
= = =}
E o1 =
0.0
1.2 14 1.6 1.8 1.2 14 1.6 1.8 2 1.2 1.4 1.6 1.8 2
Accumulation order Accumulation order Accumulation order
0.15 T T T T T 0.10 T T T T T T T T T T
0.01 1
5010 il 3 3
E E E
g 20.05 H g
] £ ]
= = Z0.021 1
g g g
£0.05 ul g o)
N1 : : : : ol : : : : ol : : : :
1.2 L1 1.6 L8 2 1.2 L4 1.6 L8 2 1.2 L4 1.6 18 2
Accumulation order Accumulation order Accumulation order
0.02 T T T T T
=
]
¢
g
g oop -
§
i
=
g
5
1 : : : :
1.2 14 1.6 1.8 2

Accumulation order

Figure 23. The influence weight of eight samples in CFAGO when r > 1.
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Figure 24. The influence weight of nine samples in CFAGO when r > 1.
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Figure 25. The influence weight of 10 samples in CFAGO when r > 1.
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showed a downward trend.

new and old information.

3.4. The Impact of NIPAGO on Different Sample Sizes
Using the DEMATEL method to verify the influence of each sample in the model, the

results are shown in Figures 26-31.

From Figures 14-25, the change in influence weight when > 1 was the same as that
when 0 < r < 1. The influence weight of new information showed an upward trend with
the accumulation order increasing, and the influence weight of old information accordingly

In addition, when the sample size changed, the influence weight of each sample also
changed accordingly, and the above rules did not alter due to the increase in sample size.
Therefore, it can be concluded that CFAGO has an impact on the influence weight of the

/= 0@

T T T T T T T T T
0.30
0.4
0.25
- -
= =
= 2020k
gosr N
° o
g 2015
=] Eha
2021 =
E =
£ Z0.10
0.1F
0.05
0.0 0.00
1 0.8 0.6 0.4 0.2 1 0.8 0.6 0.4 0.2
Accumulation order Accumulation order
= < 0) 1 Ow
T T T T T T T T T T
0.10
= -
= 2
2 4
] 5}
2 2
o o
S 3
g £
g0. g
= 20.05
o =
S =
0.00 L L L L L
1 0.8 0.6 0.4 0.2 1 0.8 0.6 0.4 0.2
Accumulation order Accumulation order
Figure 26. The influence weight of five samples in NIPAGO.
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Figure 27. The influence weight of six samples in NIPAGO.
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alter due to the increase in sample size.

3.5. The Impact of DAGO on Different Sample Sizes

results are shown in Figures 32-37.

When 0.5 < r < 1, the influence weight of new information increased as the accumu-
lation order decreased, and the influence weight of old information decreased accordingly.
Compared with the previous model, the change range of the influence weight of NIPAGO
samples was relatively small, and after reaching a certain value, it would no longer change
with the accumulation order dropping. In addition, when the sample size changed, the
influence weight of each sample also changed accordingly, and the above rules would not

Using the DEMATEL method to verify the influence of each sample in the model, the
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Figure 37. The influence weight of 10 samples in DAGO.
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The influence weight of new information increased as the accumulation order de-
creased, and the influence weight of old information decreased accordingly. Moreover,
when the sample size changed, the influence weight of each sample also changed accord-

ingly, and the above rules would not alter due to the increase in sample size.

3.6. The Impact of WFAGO on Different Sample Sizes

Using the DEMATEL method to verify the influence of each sample in the model, the

results are shown in Figures 38-43.
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Figure 39. The influence weight of six samples in WFAGO.
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Figure 41. The influence weight of eight samples in WFAGO.
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Figure 42. The influence weight of nine samples in WFAGO.
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Parallel to the 1-AGO, FAGO, NIPAGO, and DAGO, the influence weight in the
calculation process of the WFAGO conformed to the variation regularity of all previous
AGOs. When 0 < r <1, the influence weight of new information increased with the
reduction of r, and the influence weight of old information decreased with the reduction
of r. The rest of the parameters in the combined model except r also had an impact on the
influence weight of old and new information, which will not be repeated here.

3.7. Summary of Influence Degree under Different AGOs

Based on the above results, it can be observed that the sample size did not affect the
pattern of the influence degree with respect to the order. According to the principle of new
information priority, our objective was to maximize the utilization of new information. In
other words, we wanted to minimize the influence degree of old information and maximize
the influence degree of new information. The influence degree regularity under different
AGO:s is shown in Table 9.

Table 9. Influence degree regularity under different AGOs.

AGOs Accumulation Order Influence Degree
New Information Old Information

1-AGO Fixed Fixed Fixed

FAGO Decreasing Increasing Decreasing
FHAGO Increasing Significantly increasing Significantly decreasing
CFAGO Increasing Significantly increasing Significantly decreasing
NIPAGO Decreasing Increasing Decreasing

DAGO Decreasing Significantly increasing Significantly decreasing
WFAGO Decreasing Increasing Decreasing

The 1-AGO could not be adjusted, resulting in a fixed influence degree for both old
and new information. Nevertheless, the FAGO and other AGOs allowed the influence
degree to vary with the accumulation order. In FAGO, NIPAGO, DAGO, and WFAGO,
the influence degree of new information significantly increased as the accumulation order
decreased. In CFAGO, the influence weight of new information showed an upward trend
with an increase in the accumulation order. FHAGO exhibited the largest increase when
r> 1. Accordingly, in FAGO, NIPAGO, DAGO, and WFAGO, a smaller accumulation order
resulted in a higher influence degree of new information. Conversely, a larger accumulation
order in FHAGO and CFAGO led to a higher influence degree of new information. This
may enable researchers to select a more appropriate accumulation order that aligns with
the principle of new information priority.

4. Conclusions

In this paper, we have summarized different AGOs in grey system models and re-
vealed the relationships and influences among them based on the DEMATEL method.
Subsequently, the variation regularity of the influence degree on separate accumulation
orders in each AGO was obtained. Based on the calculation and analysis, the following
conclusions can be drawn.

1.  Compared with the traditional 1-AGO, the FAGO, FHAGO, CFAGO, NIPAGO, DAGO,
and WFAGO can change the influence degree of new and old information to suffi-
ciently utilize the data advantages of new information.

2. Different accumulation methods have different effects on new and old information,
i.e., FAGO, NIPAGO, DAGO, and WFAGO make the influence degree of new infor-
mation show an upward trend with a reduction in the accumulation order, while
FHAGO and CFAGO make the influence degree of new information increase with the
acceleration of the accumulation order. Furthermore, this rule does not fail with the
variation of the sample size.
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According to the above rules, the advantages of new information can be better utilized
by changing the accumulation order. It can provide some reference for the selection of
the accumulation orders of various grey forecasting models. Future research will further
expand the application scope of this method. It can delve deeper into exploring the potential
application of DEMATEL in other models, such as assessing the impact of new and old
information in the metabolic grey model to determine whether it has a new information
priority. Additionally, it can also combine other evaluation indicators for comprehensive
analysis to investigate the utilization of information under different AGOs.
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