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Abstract. In order to promote the effective improvement of data management
ability of Chinese manufacturing enterprises. This paper refers to the data of the
2018 China Enterprise-Labor Matching survey and selects the relevant data of a
total of 10 manufacturing enterprises distributed in Guangdong, Hubei, Jiangsu,
Sichuan, Jilin and other five provinces as sample data. This paper constructs an
evaluation index system of manufacturing enterprise data management ability
from six dimensions, adopts Fermatean Fuzzy TOPSIS method to evaluate the
data management ability of ten manufacturing enterprises, and analyzes the data
management ability of the enterprises with the highest and lowest ranking. The
results show that: There are some problems in the data management of manufac-
turing enterprises in China, such as lack of awareness of data management and
weak data management ability in the diversity of enterprise data collection sub-
jects.

Keywords: Data management ability, Fermatean Fuzzy Set, TOPSIS method,
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1 Introduction

With the rapid development of the global digital economy, data, as a new factor of
production, has become a key driving force for the high-quality operation of national
society. However, Chinese enterprises, especially manufacturing enterprises, still face
problems such as insufficient data awareness in the process of Digital transformation,
resulting in relatively slow progress of Digital transformation. Therefore, in-depth anal-
ysis of the data management capabilities of Chinese manufacturing enterprises will help
promote the improvement of data management capabilities of Chinese manufacturing
enterprises to further realize their Digital transformation. Currently, there is relatively
little research on the evaluation of data management capabilities in manufacturing en-
terprises both domestically and internationally. Foreign research mainly focuses on the

© The Author(s) 2024

F. Cao et al. (eds.), Proceedings of the 2023 5th International Conference on Economic Management and Cultural
Industry (ICEMCI 2023), Advances in Economics, Business and Management Research 276,
https://doi.org/10.2991/978-94-6463-368-9_30


mailto:lwj7164944@163.com
mailto:zhangmu01@163.com
https://doi.org/10.2991/978-94-6463-368-9_30
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-368-9_30&domain=pdf

Research on Data Management Capability Evaluation 255

research on the role of big data management ability in improving enterprise decision-
making ability [1] and the mediating role of data driven culture in the relationship be-
tween Big data analysis management ability and enterprise performance [2]. Domestic
research mainly focuses on evaluating the management innovation ability, knowledge
innovation ability, and information technology ability of manufacturing enterprises [3-
4]. Some scholars have also conducted evaluation research on police data management
ability or explored their maturity evaluation models [5]. In view of this, this paper se-
lects ten representative manufacturing enterprises distributed in five provinces of
China, as sample enterprises, and constructs an evaluation index system for data man-
agement capability of manufacturing enterprises from six dimensions, including the
availability of data in the decision-making process and the degree of Data dependency
in the decision-making process, Evaluate the data management capabilities of ten man-
ufacturing enterprises using the Fermatean Fuzzy TOPSIS method. The innovation of
this article lies in the improvement of the method for determining indicator weights, the
adoption of Fermatean fuzzy set weighted geometric operators, and the combination of
Fermatean fuzzy set and TOPSIS method, which can better solve multi-attribute deci-
sion-making problems with fuzziness. The specific structure of this article is as follows:
Part 2 introduces the research methods used in this article; The third part is the selection
of indicators, sample selection, TOPSIS method evaluation of enterprise data manage-
ment capabilities, and analysis of data management capabilities of related enterprises;
The fourth part is the conclusions.

2 Research Methods

2.1 Combination Weighting Method Based on Relative Entropy.

Analytic Hierarchy Process (AHP) [6] and Entropy Weight Method (EWM) [7] are the
mainstream methods for determining indicator weights. The former is too subjective,
while the latter cannot reflect the correlation between indicators.
Therefore, this article chooses a combination weighting method [8] that combines
AHP and EWM to determine indicator weights. The specific steps are as follows:
First, any two weighting methods a and b are defined, and the weight vectors of m
indicators are determined by aand b as v, and v, respectively, then the relative entropy

m
between the two is expressed as H(Va-Vb):Z"ai v . Therefore, the weight vector deter-
vbi
i=1

mined by the combination weighting method can be calculated using equation (1):
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2.2 Fermatean Fuzzy TOPSIS Method

Fermatean Fuzzy TOPSIS [9] is one of the methods to solve multi-criteria decision-
making problems. Compared with previous Fuzzy TOPSIS methods, the Fermatean
fuzzy TOPSIS method expands the amount of fuzzy information and better reflects the
fuzziness of decision plans. Specifically, in this article, there are many decision-making
criteria, and decision-making involves more ambiguity. Therefore, this article chooses
the Fermatean Fuzzy TOPSIS method to evaluate the data management capabilities of
enterprises.

The concept of discrimination degree: Assuming that a decision model and algorithm
evaluate a decision plan based on a decision coefficient «, the decision coefficient of
the plan 4, is «,, the decision coefficient of the plan 4, is «,, and there is ¢>«, . Then

the differentiation degree of the decision model and algorithm for the plan 4 and the
plan 4, can be expressed as equation (2):

e :ai_aj x100% 2
=5 @

i

Fuzzy set is a concept introduced by Professor Zadeh in 1965, referring to a class of
objects with continuous membership levels. The Fermat fuzzy set refers to: if X is a

domain, then r-= {(X,ﬂF (x),vp (x)>|0 S;IF?’ (.x)+ vF3 (x) <lLxe X} is called a Fermatean fuzzy

seton X, HF (x )’VF (x ) represents the membership degree and non-membership de-
gree of the element X in x belonging to F, respectively. Then i, (x) = /1—-p, (x) = v, (x) .

represents the hesitancy degree of the fuzzy number F = (ks (). V() .

Specific process of applying Fermatean Fuzzy TOPSIS method.
Step 1. Generating Fermatean Fuzzy Decision Matrix.

Assuming there are M alternative solutions Si(i:1,2,-..,m) , N decision criteria

Cj(j=12..n) | and the weights of each  criterion are:
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Considering the Pythagorean Fuzzy Weighted Geometry Operator (PFWG) [10] and
the clear weight allocation of expert ratings in this paper, this paper proposes the Fer-
matean Fuzzy Geometry Operator (FFWG) to aggregate expert evaluations into a fuzzy

decision matrix. This operator can more accurately reflect the contribution of data with
larger weights to the overall average: let B; = (uj;,vij) be a set of Fermatéan fuzzy num-

bers, with a weight vector of @, = (#,.@,,+, ®,) . >." ®, =1 Then FFWG can be ex-
pressed as equation (3):

FFWG(ﬂI,/fZ,-~~,/3n)—[ﬁui@,m] o

From this, the fuzzy decision matrix can be obtained as equation (4):

(sa1v11) - (4n:vin)
R:(Cj(si))mxn:( : | ( : | @)
Hml-Yml) - \Hmn>Ymn

Step 2. Determine positive and negative ideal solutions, calculate the distance be-
tween alternative solutions and positive and negative ideal solutions.

Firstly, the score function of the i-th alternative under criterion j can be expressed as
equation (5):

3 3
SCOREl'j = Hjj~ —vij 5)

From this, a score matrix can be generated as equation (6):

SCORE|1 --- SCORElp
S = : c. :

(6)

SCOREy] - SCOREpy

Among them, a positive ideal solution (FFPIS) needs to satisfy the requirement of
maximizing returns while minimizing costs, while a negative ideal solution (FFNIS)
needs to satisfy the requirement of minimizing returns and maximizing costs. The op-
timal choice should be the closest to the positive ideal solution and the farthest away
from the negative ideal solution. The formula for calculating the positive and negative
ideal solutions and the distance between the alternative solution and the positive and
negative ideal solutions are as equation (7), equation (8), equation (9), equation (10),
equation (11) and equation (12):
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Step 3. Calculate the relative closeness between the alternative solution and the ideal
point by equation (13):
D [s,- .S )

D(Si,S_j+D[Si,S+] (13)

Step 4. Select the best solution based on the relative closeness index ranking by
equation (14):

re(sy)-

o) Dmax (Sl',S_) _ Dmin (Si,S+) (14)
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3 Empirical Analysis

3.1 Indicator Selection

Through a preliminary investigation and analysis of the data management situation of
manufacturing enterprises in China, combined with the principles of scientific, opera-
tional, and universal evaluation model design, this article selects 11 sub indicators that
can best measure the data management ability of manufacturing enterprises in China
from six dimensions. The evaluation index system shown in Table 1 is constructed:

Table 1. Evaluation Indicators for Data Management Capability of Manufacturing Enterprises

Evaluation dimension

Subdivision indicators

Explanation of indicators

Decision process data availability (D1)

Decision Process Data Dependency (D2)

Diversity of Enterprise Data Collection Entities

(D3)

Frequency of Decision Process Data Usage

(D4)

Working process data usage frequency (DS)

Using statistical methods to predict frequency

(D6)

Decision process data availability (S1)

Decision Process Data Dependency (S2)

Diversity of enterprise data collection entities

(83)

Performance indicators from production tech-

nology/tools (S4)

feedback from

(85)

Formal/informal feedback from frontline work-

ers (S6)

From external data of the enterprise (S7)

From external data of the enterprise (S7)

Demand Forecast (S9)

Supply Chain Management (S10)

Using statistical methods to predict frequency

(S11)

Can enterprises easily obtain relevant data in the decision-making process

The degree of dependence of enterprises on data for decision-making

Does the enterprise collect data from multiple channels

The frequency of using data in the enterprise decision-making process reflected by pro-
duction technology or tools

The frequency of using data in the decision-making process of the enterprise based on
feedback from management personnel

The frequency of data usage by frontline workers in the decision-making process of en-
terprises

The frequency of data usage in the decision-making process reflected from external data
of the enterprise

The frequency of data usage by enterprises in the design of new products or services
The frequency of data usage by enterprises in demand forecasting

The frequency of data usage by enterprises in supply chain management

The frequency of enterprises using statistical methods to predict development situations,

ctc.

3.2

Sample Data

This article refers to the 2018 China Enterprise Labor Matching Survey data and selects
relevant data from a total of 10 manufacturing enterprises from the general equipment
manufacturing, automotive manufacturing, biopharmaceutical, and other manufactur-
ing industries distributed in five provinces of China, including Guangdong, Hubei, Si-
chuan, Jiangsu, and Jilin, as sample data.

3.3 Fermatean Fuzzy TOPSIS method for Evaluating Enterprise Data

Management Capabilities.

Stepl. Determination of indicator weights. The weight of the indicators calculated us-
ing the aforementioned method is shown in Table 2:
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Table 2. Indicator weight

weight Sl S2 S3 S4 S5 S6 S7 S8 S9 S10 Sil

AHP 0.146 0.1698 0.1244 0.0594 0.0292 0.0681 0.0489 0.0989 0.0686 0.0876 0.0991

EWM 0.0365 0.0534 0.4375 0.0774 0.0571 0.0391 0.0416 0.0763 0.0710 0.0515 0.0587
Relative Entropy 0.1280 0.1507 0.1758 0.0623 0.0338 0.0633 0.0477 0.0952 0.0690 0.0817 0.0925

Step 2. Generating Fermatean Fuzzy Decision Matrix.

This article invites three experts to rate the performance of 10 selected enterprises
under the manufacturing enterprise data management capability evaluation index sys-
tem based on 2018 CEES data. Expert 1 and Expert 3 respectively serve in the big data
management departments of automobile manufacturing companies and textile enter-
prises. Expert 2 is a member of the DAMA China Council, committed to research and
practice in data architecture. Considering factors such as the industry reputation of the
three experts, their ratings have been assigned weights of (0.3, 0.4, 0.3). Due to space
limitations, the specific rating results of the three experts are not displayed. The sum-
mary results of the three experts' ratings are calculated using equation (3) to obtain the
following Fermat fuzzy decision matrix as shown in Table 3:

Table 3. Fermatean Fuzzy Decision Matrix

Sl S2 S3 S4 S5 S6 ST S8 S9 S10 Sl
A (0.13,0.9) (0.54,0.54) (0.23,0.8) (03.0.85) (0.53,0.5) (0.16,0.87) (0.1,0.9) (0.27,0.84) (0.24,0.8) (0.2,0.84) (0.27,0.85)
B (0.53,0.5) (0.53,05) (0.23,0.8) (0.9,0.1) (0.86,0.15) (0.87,0.16) (0.9,0.1) (0.86,0.15) (0.74,025) (0.9,0.22) (0.8,0.18)
c (0.86,0.15) (0.77,032) (0.3,0.8) (0.86,0.15) (0.86,0.15) (0.77,032) (0.87,0.16) (0.87,0.15) (0.86,0.15) (0.87,0.1) (0.86,0.17)
D (0.53,0.57) (0.73,02) (0.74,0.28) (024,0.8) (0.23,0.8) (0.24,0.8) (0.24,0.8) (0.86,0.15) (0.86,0.15) (0.86,0.15) (0.24,0.8)
E (0.54,0.54) (0.54,0.54) (0.15,0.84) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.77,032) (0.13,09)
F (0.54,0.54) (0.54,0.54) (0.15,0.84) (0.54,0.54) (0.54,0.54) (0.77,032) (0.27,0.8) (0.54,0.54) (0.27,0.8) (0.54,0.54) (0.54,0.54)
G (0.77,0.32) (0.77,032) (0.15,0.84) (027,0.8) (0.27,0.8) (0.27,0.8) (0.54,0.54) (027,0.8) (0.27,0.8) (0.27,0.8) (0.27,0.8)
H (0.27,0.8) (0.27,0.8) (0.15,0.84) (0.77,0.32) (0.77,0.32) (0.54,0.54) (0.54,0.54) (027,0.8) (0.77,0.32) (0.77,032) (0.27,0.8)
1 (0.27,0.8) (0.27,0.8) (0.15,0.84) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.87,0.15) (0.27,0.8)
J (0.77.0.32) (0.77.032) (0.15.0.84) (0.87.0.15) (0.87.0.15) (0.87.0.15) (0.87.0.15) (0.87.0.15) (0.87.0.15) (0.87.0.15) (0.87.0.15)

Step 3. Determine positive and negative ideal solutions.
By calculating equation (5), the score matrix can be obtained as table 4:

Table 4. Fermatean Fuzzy Score Matrix

Score S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11
A -0.727 0.000 -0.500 -0.587 0.024 -0.654 -0.728 -0.573 -0.498 -0.585 -0.594
B 0.024 0.024 -0.500 0.728 0.633 0.654 0.728 0.633 0.390 0.718 0.506
C 0.633 0.424 -0.485 0.633 0.633 0.424 0.654 0.655 0.633 0.658 0.631
D -0.036 0.381 0.383 -0.498 -0.500 -0.498 -0.498 0.633 0.633 0.633 -0.498
E 0.000 0.000 -0.589 0.655 0.655 0.655 0.655 0.655 0.655 0.424 -0.727
F 0.000 0.000 -0.589 0.000 0.000 0.424 -0.492 0.000 -0.492 0.000 0.000
G 0.424 0.424 -0.589 -0.492 -0.492 -0.492 0.000 -0.492 -0.492 -0.492 -0.492
H -0.492 -0.492 -0.589 0.424 0.424 0.000 0.000 -0.492 0.424 0.424 -0.492
I -0.492 -0.492 -0.589 0.655 0.655 0.655 0.655 0.655 0.655 0.655 -0.492
J 0.424 0.424 -0.589 0.655 0.655 0.655 0.655 0.655 0.655 0.655 0.655

Determine the positive and negative ideal solutions as:
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+ |(086,0.15)(0.77,032)(0.74,0.28)(0.9,0.1)(0.87,0.15)(0.87,0.15)
(09,0.1)(0.87,0.15)(0.87,0.15)(0.9,02)(0.87,0.15)

_1(0.13,09)(0.27,0.8)(0.15,0.84)(0.3,0.85)(0.23,0.8)(0.24,0.8)
_{(0.1,0.8)(0.27,0.84)(0.24, 0.8)(0.2,0.84)(0.13,09) }

Step 4. Calculation and ranking of relative closeness.
Using the above data and calculating the relative closeness according to equation
(13) and equation (14) for sorting, the results shown in Table 5 can be obtained:

Table 5. Relative Proximity Index and Ranking

Enter- Distance from Distance from Relative closeness index &(S,) Ranking

prise FFPIS FFNIS
A 0.6881 0.1887 0.0412 10
B 0.3096 0.5851 0.1250 3
C 0.2150 0.7128 0.1469 1
D 0.4123 0.5476 0.1091 4
E 0.4130 0.5275 0.1072 5
F 0.4630 0.3732 0.0853 8
G 0.5343 0.4629 0.0887 7
H 0.5977 0.3127 0.0657 9
I 0.5452 0.4776 0.0893 6
J 0.2439 0.6972 0.1416 2

Based on the above empirical results, it is shown that under the evaluation index
system of data management ability in manufacturing enterprises, Company C performs
best, while Company A perform worst. The relative closeness obtained by using Fer-
matean fuzzy weighted geometric operator to aggregate expert fuzzy evaluation will be
compared with that obtained by using simple Fermatean fuzzy weighted operator to
aggregate expert fuzzy evaluation. The results are shown in the Table 6:

Table 6. Comparison of Differentiation Degrees of Aggregation Operators

Aggregation operator Mean discrimination degree (%)
Fermatean Fuzzy weighted geometric operator 33.32
Fermatean Fuzzy weighted operator 33.04

It is shown that the Fermatean fuzzy weighted geometric operator better integrates
the fuzzy evaluation of experts.

3.4  Analysis of Data Management Capabilities of Relevant Enterprises

Based on the data management ability scores of the two companies, it is shown that
Company C performs significantly better than other companies in terms of decision
data availability, diversity of enterprise data collection entities, and frequency of
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decision process data usage, while Company A generally performs poorly in terms of
decision process data availability and dependence on decision process data, Especially,
the degree of dependence on data in the decision-making process and the diversity feed-
back scores from management on the data collection entities of the enterprise are at
extremely low levels.

4 Conclusions

Firstly, manufacturing enterprises generally have weak data management capabilities
in terms of the diversity of enterprise data collection entities. Based on the above re-
sults, we can draw the conclusion that the data management ability of manufacturing
enterprises in the diversity of enterprise data collection entities is generally weak.

Secondly, manufacturing enterprises generally lack awareness of data management.
Some manufacturing enterprises have more traditional management models and have
significant deficiencies in the application of big data and data management. Some en-
terprises, even though they realize the importance of data management, still have insuf-
ficient funds and personnel Due to non-standard management processes and other rea-
sons, further improvements in enterprise data management cannot be achieved.

In addition, this article also uses the Fermat fuzzy weighted geometric operator to
aggregate the expert's scores into the expert decision matrix. Compared to the ordinary
Fermat fuzzy weighted operator, the Fermat fuzzy weighted geometric operator can
better integrate the fuzzy evaluation of experts.

Acknowledgement

This research was funded by the Regional Project of National Natural Science Founda-
tion of China, grant number 71861003.

References

1. Shamim, S., Jing Zeng, J., Muhammad Shariq, S., Khan, Z. (2019) Role of big data man-
agement in enhancing big data decision-making capability and quality among Chinese firms:
A dynamic capabilities view. Information & Management, 56: 103-135. https: // doi.
org/10.1016.

2. Karaboga, T., Zehir, C., Tatoglu, E., Aykut Karaboga, H., Bouguerra, A. (2022) Big data
analytics management capability and firm performance: the mediating role of data-driven
culture. Review of Managerial Science, 16: 2655-2684. https://doi.org/10.1007/s11846-022-
00596-8.

3. Yang, C., Yu, T.T. (2019) Research on Management Innovation Ability of Chinese Manu-
facturing Enterprises. Industrial Technology Economy, 38:114-118. https: //doi. org/ 10.
3969/j.issn.1004-910X.2019.07.014.

4. Sarina, Urina, Pei, C.H. (2017) Dynamic Evaluation Method for Knowledge Innovation Ca-
pability in Equipment Manufacturing Industry. Mechanical Design and Manufacturing, 06:
26-29. https://doi.org/10.19356/j.cnki.1001-3997.2017.06.007.



Research on Data Management Capability Evaluation 263

5. Wan, F., Zhou, X.P. (2021) Maturity Assessment of China's Police Data Management Ca-
pability Based on DCMM. Journal of Yunnan Police Officer College, 01: 90-96.
https://doi.org/10.3969/j.issn.1672-6057.2021.01.017.

6. Saaty T. (1977) Modeling unstructured decision problems: A theory of analytical hierar-
chies. Proceedings of the first international conference on mathematical modeling, 69-77.

7. Li, Y.G., Sun, M.H., Yuan, G.H., Liu, J.Y. (2019) Study on Development Sustainability of
Atmospheric Environment in Northeast China by Rough Set and Entropy Weight Method.
Sustainability,11:3793,2019. https://doi.org/10.3390/sul1143793.

8. Shi, L., Yang, S.L., Ma, Y., Yang, Y. (2012) A novel method of combination weighting for
multiple attribute decision making. Journal of Systems Engineering,27: 481-491.

9. Senapati, T., Yager, R.R. (2020) Fermatean fuzzy sets. Journal of Ambient Intelligence and
Humanized Computing,11: 663-674. https://doi.org/10.1007/s12652-019-01377-0.

10. Yang, Y., Yu, S.Q., Ren, J. (2019) Product Consistency Pythagorean Fuzzy Preference Re-
lationship and Its Application in Group Decision Making. Fuzzy Systems and Mathematics,
33: 114-129.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

