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Quantitative evaluation is an important part of enterprise diagnosis, which promotes the scientific and modern management of
enterprises. At present, the existing enterprise management evaluation methods cannot complete the mining of enterprise index
data, which leads to large error and low significance coefficient in enterprise management evaluation.*erefore, the application of
data mining in enterprise lean management effect evaluation is put forward. *e process and main functions of data mining are
analyzed; data mining algorithm is used to establish the evaluation index system of lean management effect and calculate the index
weight. Using the association rules method in data mining, according to the parameters of enterprise lean management level
evaluation index and weight value, through the fuzzy set transformation idea, the fuzzy boundary of each index and factor is
described by the membership degree, the fuzzy judgment matrix is constructed, and the final evaluation result is obtained by
multilayer compound calculation. Experimental results show that this study has a high significance coefficient, and the proposed
evaluation method of enterprise lean management effect has ideal accuracy and short time consumption. In practical application,
the cumulative contribution rate is higher and has higher stability.

1. Introduction

With the continuous improvement of the national economy,
a large number of new types of enterprises have emerged.
*ere are still some problems in the management of en-
terprises, such as improper management mode and im-
perfect related systems. *erefore, it is necessary to adopt
lean management mode, innovate enterprise management
mode and technology continuously to ensure the increasing
economic benefits of enterprises, and highlight the pursuit of
high quality and high efficiency. Lean management requires
lean thinking in all aspects of business.*e core is to create a
large amount of value with the minimum investment of
resources and to provide users with new products and timely
services [1]. Lean management not only strengthens the
informationization control to the manufacture and the
production link of the company’s products, but also pays
more attention to the overall operation and the optimization

of the operation link, involving all the management details of
the company and the production details of the products, and
all the project flows of these enterprises are related to the
cost. *e focus of lean management is to optimize the
product processing and manufacturing, daily operation and
management, material management and storage, techno-
logical innovation and development, and other aspects
during the stable operation stage of the company [2].

Lean management is a new type of company manage-
ment and operation, concepts and methods, and scientific
and technological tools, such as a unified scientific system. In
this way, value stream is the focus of management, and
striving for perfection is an important content of manage-
ment pursuit. We shall build up a “people-oriented” cor-
porate culture, adopt the purpose of systematic thinking, and
fully absorb and adopt a variety of advanced methods and
scientific and technological methods under the guidance of
the broad sense of lean philosophy in the strategic technical
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level and each subsystem of the company. *rough business
process reengineering, innovate the value stream, fully adapt
to users and meet user requirements, maximize the com-
pany's value, and achieve win-win with relevant partners.
Create a learning organization, implement lean strategy,
establish lean operation system, develop economic and fi-
nancial software, understand lean technology, strengthen
lean cost control, create a kind of lean management style and
harmonious company environment, and continuously
optimize.

Reference [3] explores the choice of cooperation
strategies among participants in new R&D institutions by
using evolutionary game model under the premise of
bounded rationality hypothesis. By analyzing the multi-
agent income payment matrix and solving the replication
dynamic equation and Jacobian matrix, the local equilib-
rium point of the model is obtained so as to obtain the final
strategy choice of all participants over time, verify the
strategy evolution trend of the game system through nu-
merical simulation, and sort out the influencing factors of
the strategy choice of new R&D institutions under coop-
erative innovation. On this basis, this paper puts forward
strategic suggestions to realize the sustainable development
of new R&D institutions from the perspectives of coop-
eration mode, enterprise demand, and policy environment.
*is method completes the selection of cooperation
strategy among participants, but it is unable to complete
the index data mining of R&D institutions. In [4], the credit
risk evaluation model of small enterprises based on
ELECTRE III is studied. Firstly, based on the evaluation
principle of ELECTRE III, the credit risk evaluation score
of new loan customers is calculated according to the net
credibility of new loan customers better than all historical
loan customers. It not only solves the problem of credit risk
evaluation of new loan customers, but also ensures that the
evaluation model has the ability to learn from historical
data. Secondly, referring to the characteristics that *eil’s
index can not only reflect the overall income difference, but
also decompose the overall difference into intragroup
difference and intergroup difference; the evaluation indexes
of small enterprise credit risk are weighted. It embodies the
weighting idea of “the more you can distinguish the default
status of customers, the greater the weight of indicators.”
Finally, based on the weighted intragroup difference be-
tween default and nondefault samples, the preference
threshold of ELECTRE III is determined. Determine the
indifference threshold of ELECTRE III based on the degree
of difference within the nondefault group. Based on the
difference degree within the default sample group, the
rejection threshold of ELECTRE III is determined. *is
method not only reflects the influence of the data difference
of different evaluation indexes on the evaluation results,
but also avoids the deficiency of artificial and subjective
determination of the existing threshold. However, it is easy
to lead to large error in the evaluation of enterprise
management effect. A nonrelational distributed big data
mining algorithm is proposed in [5]. Firstly, the distributed
maximum frequent item algorithm model is introduced.
Under the physical decentralized logic, the distributed

method is applied to the nonrelational data for data
analysis, the search conditions of candidate frequent items
are established to reduce the number of data detected, and
the partition projection method is adopted to calculate the
partition number corresponding to each frequent item and
plan it into different partitions so as to optimize the re-
dundant frequent items. *en, according to the data
characteristics of big data in the database, the correlation
degree of each attribute is established. According to the
boosting clustering method, the local model obtained by
weak clustering is upgraded to the global model in each
iteration, and then it is divided into blocks. Using the
partition quality to readjust the iterative sampling rate, the
final clustering results are obtained and the data mining is
completed. It has a good effect, but the significance coef-
ficient of this method is low.

However, the above reference methods cannot complete
the mining of enterprise index data, resulting in large error
and low significance coefficient in the evaluation of enter-
prise management effect. *erefore, this paper puts forward
the application research of data mining in enterprise lean
management effect evaluation.

2. Enterprise Lean Management Effect
Evaluation Based on Data Mining

2.1.DataMiningProcess andMainFunctions. Data mining is
a kind of technology that is mainly used by different subjects,
and it is of great importance in every field. Data mining
refers to the process of extracting useful knowledge from
large, incomplete, noisy, and vague data [6, 7]. It comes from
knowledge extraction in database, namely, KDD. People use
KDD to depict the whole process of data mining and use data
mining to describe the basic process of mining algorithm to
achieve data mining [8]. *e process of discovering valuable
knowledge in the database, known as the KDD process, is
shown in Figure 1.

According to Figure 1, KDD is composed of data col-
lection and processing, data information mining and result
analysis, etc. Data mining is mainly based on association
analysis, cluster analysis, and prediction to find useful
knowledge in large-scale data. At the same time, through
model evaluation, valuable models are used as knowledge to
assist related personnel to make scientific and rational
decisions.

*e main function of data mining is to make decisions
based on valuable knowledge by predicting the future de-
velopment trend. *e main function of data mining tech-
nology is not realized by a single way, but by a group of
methods. *e main task of data mining is to find valuable
knowledge or information from relevant databases. *e
main functions of data mining are as follows [9, 10]:

(1) Correlation Analysis of Data
In a database, the analysis of the correlation between
data is the key link to discovering important
knowledge. If there is some special law between two
or more variable values, it can be called an
association.
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(2) Cluster Analysis between Data
In a database, the data information records can be
divided into different meaningful data subsets; the
process is data clustering. Among them, the smaller
the distance between the data in the same data class,
the more similar they are, and dissimilar they are.
Data clustering can enhance people’s cognition of
objective facts, and it is the precondition of concept
representation and deviation analysis. At present,
there are several data clustering algorithms in
common use: mean clustering, density clustering,
fuzzy clustering, and so on [11].

(3) Forecast Analysis
In some instances, the public may have to predict some
vacant values. If the data for the vacant value is a nu-
meric type, it is generally called a forecast.*e process of
forecasting is as follows: searching for the laws between
the data and information according to the historical
data, constructing a corresponding model, and fore-
casting the following data based on the model [12].

(4) Data Evolution Analysis
In a database, the evolution analysis of data infor-
mation indicates that there are laws and trends in the
target of a certain behavior changing with time, and
at the same time, the trend is modeled.

2.2. Evaluation Index System of Enterprise LeanManagement
Effect. *e enterprise management effect evaluation index
system can measure the intensity of the impact of scientific

and technological production factors on industrial trans-
formation and development. According to the characteris-
tics of industrial upgrading and scientific and technological
production, and on the basis of the basic principles of index
system construction, the enterprise management effect
evaluation index is selected from factor flow and factor
composition [13]. *e content of Constructing Indicators
mainly includes input dimension, status dimension, and
evaluation dimension. Among them, human input, financial
input, and material input constitute the input dimension.
Personnel activities, fund use, implementation form, R&D
output, and achievement transformation constitute the state
dimension. *e upgrading of industrial structure, the
rationalization of industrial structure, the dual orientation of
industrial development, and the transformation of industrial
development constitute the evaluation dimensions.

*e basis for establishing the enterprise operation effect
evaluation index system shall follow the following basic
principles:

(1) Scientific principle: this is the basic principle that
should be followed in the setting of enterprise op-
eration effect evaluation index system. According to
this principle, the setting of indicators and indicator
system should be consistent with the idea of circular
economy and the concept of enterprise operation
effect evaluation.*erefore, the concept of indicators
should be accurate, the connotation and extension
should be clear, and the calculation method should
be scientific and feasible.

(2) *e principle of combining qualitative measurement
with quantitative measurement: this principle is a
higher-level requirement for the setting of index
system. Because only quantitative indicators can be
used to evaluate the enterprise’s operation effect
from one level, the evaluation results are not com-
prehensive and one-sided, and the enterprise’s op-
eration effect cannot be truly evaluated. If qualitative
indicators are set on the basis of quantitative indi-
cators, from a higher level, by investigating various
measurement factors that have a direct impact on the
operation effect of enterprises but are difficult to be
uniformly quantified, the combination of quantita-
tive analysis and qualitative analysis can avoid the
defects caused by relying solely on quantitative
methods.

(3) Operability principle: there must be a clear calcu-
lation method and expression method when setting
indicators so that all indicators can be easily cal-
culated for easy operation.

(4) Comparability principle: when setting indicators,
they should maintain relative stability in meaning,
scope, and methods within a certain period of time,
so as to facilitate the comparability of evaluation
results, so as to determine the level and position of
enterprises in the same industry, the same scale and
in the national economy, so as to find out the gap and
tap the potential.

Valuable
knowledge

Model
evaluation

Data mining

Best data set

Database

Figure 1: Overall flow of KDD.
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*e constructed industrial effect evaluation index system
is shown in Figure 2.

It can be seen from Figure 2 that the enterprise operation
effect evaluation itself is a complex system engineering,
which cannot be simply determined by a certain index. After
introducing the strategic idea of lean management into the
process of enterprise management, the goal of enterprise
business activities has shifted from simply pursuing eco-
nomic benefits to enterprises pursuing both their own
economic benefits and environmental benefits. *erefore,
the external performance of enterprise management effect
evaluation oriented to data mining should be multidi-
mensional, and its goal should be diversified. *erefore, the
industrial effect oriented evaluation index system is a
multilevel, multifactor, and multiobjective comprehensive
evaluation.

Suppose X � [x(1), x(2) . . . x(n)] describes the vector
of national or regional industrial structure, and
X0 � [x0(1), x0(2) . . . x0(n)] describes the vector of opti-
mized objective structure of enterprise management at a
certain level of economic development by means of the
following primitive point zeroing:

x
0
(k) � x(k) − x(1),

x
0
0(k) � x

0
0(k) − x

0
0(1).

(1)

*e following can be obtained through formula (1):

X
0

� x
0
(1), x

0
(2), . . . , x

0
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0
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(2)

Let ς represent the degree of industrial order, which can
be calculated by the following formula:

ς �
1 + s0


 + s1




1 + s0


 + s1


 + s0 − s1



. (3)

Here, ς describes the proximity between the proportion
of the target industry structure and the current proportion of
the industrial structure. *e closer the two proportions are,
the smaller the value of |s0 − s1| is, and the closer the degree
of industrial order ς is to 1; s0 represents the level of nul-
lification of the target industry:

s0


 � x
0
0(2)


 +

1
2

x
0
0(3)


. (4)

s1 represents the level of nullification corresponding to the
actual industrial structure of the region, with the following
expression:

s1


 � x
0
(2)


 +

1
2

x
0
(3)


. (5)

*e relationship between s0 and s1 can be described by
the following formula:

s0 − s1


 � x
0
(2) − x

0
0(2)


 +

1
2

x
0
(3) − x

0
0(3)


. (6)

*e specific operation steps of data mining process are as
follows:

Step 1. Set the initial weight vector as random acquisition.

Step 2. Update the weight vector through formula (6).

Step 3. Normalization.

Step 4. If the target industrial structure proportion is close
to the current industrial structure proportion, the data
mining stops convergence. If it is not achieved, jump back to
Step 2 and continue to execute until an independent
component is estimated.

If you want to realize multicomponent extraction, you
can repeatedly execute the data mining algorithm for sep-
aration. At the same time, if you need to judge that the
components extracted each time are not similar compo-
nents, you need to complete one component extraction at a
time, remove the component from the observation signal,
and repeat the elimination operation; that is, you can extract
all the required independent components. After execution, it
can realize the denoising of the original spatial attribute data.

2.2.1. Single Indicator Evaluation. *ere are different pos-
itive and negative trends and different units of measurement
between different index values. *e index value of enterprise
management effect evaluation is nondimensionalized and
trended by single index evaluation [14, 15].

*e following formula shall be used to make the eval-
uation indicators of negative enterprise management effect
co-trend:

Evaluation
index system

Input
dimension

Manpower input

Financial input

Material input

Personnel activities

Use of funds

Implementation form

R & D output

Achievement transformation

State
dimension

Advanced industrial
structure

Rational structure of
production

Two oriented industrial
development

Evaluation
dimension

Transformation mode of
industrial development

Figure 2: Industrial effect evaluation index system.
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yij � max
1≤i≤m

xij  − xij. (7)

In the formula, i � 1, 2, . . . , m, j � 1, 2, . . . , n; yij is the
value after the j industrial effect evaluation index of the i

evaluated object in the same trend processing; xij describes
the statistical value corresponding to the j industrial effect
evaluation index of the i evaluated object.

Dimensionless average treatment shall be carried out on
the evaluation indexes of management effect of a single
enterprise through the following formula [16]:

Yij �
yij

yj

. (8)

Here, Yij describes the value obtained without quanti-
zation processing and yj describes the average value of the j

industrial effect evaluation index.

2.2.2. Index Weight. *e research method of enterprise
management effect evaluation calculates the weight of the
enterprise management effect evaluation index through
coefficient of variation method [17].

*e coefficient of variation method assigns the value of
each industrial effect evaluation index through the variation
degree of the observed value of each industrial effect eval-
uation index on the evaluated object [18]. *erefore, the
difference of each evaluation object can be reflected by the
index of large variation degree of observation value.

Set xij to represent the evaluation value of item j in-
dustrial effect evaluation index of item i; Vj to represent the
coefficient of variation corresponding to the industrial effect
evaluation index of Item j, and the calculation formula is as
follows:

Vj �
Sj

Mj

× 100%. (9)

Here, Mj represents the average value of the indices for
evaluating the industrial effect of item j of the evaluated
object i; Sj represents the standard deviation, which is
calculated by the following formulas:

Mj �
1
m

× 
m

i�1
xij,

Sj �

������������������



m

i�1
xij − Mj  ×

1
m − 1




.

(10)

*e coefficient of variation Vj of the industrial effect
evaluation index of normalized treatment shall be obtained,
and the weight wj of the industrial effect evaluation index
shall be obtained:

wj �
Vj


n
i�1 Vj

. (11)

Only long-term implementation and continuous im-
provement of enterprise lean management can achieve the

ideal final result. *erefore, the implementation of lean
management is a long-term process, which needs to go
through different implementation extremes. It is also a
systematic project, which needs to take into account dif-
ferent aspects such as personnel, technology, environment,
and culture. It has established a lean management evaluation
index system that takes into account results and processes.

2.3.Quality Evaluation of Enterprise LeanManagement Based
on Data Mining. From the above analysis, we can see that
association rules are one of the most significant methods
in data mining. Association rules are widely used in en-
terprise lean management quality management. *ere are
a lot of matters involved in enterprise lean management
quality management, such as courses and evaluation in-
dex, etc. Association rules can extract valuable knowledge
hidden in data, assist educational administrators to make
effective decisions, and improve the management level
[19–21].

According to the determination of such parameters as
the evaluation index and weight of lean management level of
enterprises, the fuzzy boundary of each index and factor is
described by the membership degree through the idea of
fuzzy set transformation, and the fuzzy judgment matrix is
constructed, and the final evaluation result is obtained by
multilayer compound calculation [22].

*ere are n evaluation grades and m Grade I evaluation
indexes. Each Grade I index contains several Grade II in-
dexes, which are represented by Grade U, Grade I index
scope V , and Grade II index scope Vi, and are as follows:

U � u1, . . . , un ,

V � v1, . . . , vn ,

Vi � v1, . . . , vk .

(12)

*e fuzzy matrix can be expressed as follows [23]:

U �

V1

V2

⋮

Vm

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

U11 u12 · · · u1n

U21 u22 · · · u2n

⋮ ⋮ · · · ⋮

Um1 um2 · · · umn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

� uij 
mn

. (13)

Here, uij represents the degree of membership of the
evaluation index i to Grade j [24–26].

Based on the above calculation and analysis, the fuzzy
relation matrix is obtained, and the weight value of the first-
grade evaluation index can be defined as follows:

R � R1,R2, . . . ,Rm( . (14)

*e Grade I evaluation index is divided into very good
(A), good (B), better (C), poor (d), and very poor (E). *e
evaluation index grade standard is shown in Table 1.

Combined with the above calculation and Table 1, the
enterprise leanmanagement quality evaluationmodel can be
expressed as follows [27, 28]:

W � R × C × U. (15)
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*e fuzzy comprehensive evaluation and data mining
methods are used to construct the enterprise lean man-
agement quality evaluation model, which fully considers the
fault-tolerance of the evaluation process and other aspects,
and can effectively improve the modeling freedom and re-
duce the modeling complexity [29–31]. From the above
evaluation results of the lean management effect of the
enterprise, it can be seen that the implementation of data
mining technology in the enterprise has improved the
overall quality of the enterprise, improved the enterprise
management system, and achieved obvious economic and
environmental benefits. Lean management is the main-
stream economic model for the development of the new era.
If enterprises want to survive, develop, and make profits in
the new century, they must infiltrate the idea of lean
management into every corner of the enterprise. In order to
evaluate the effect of lean management oriented to data
mining, it is necessary to establish an enterprise operation
evaluation index system oriented to lean management. In
practical application, enterprises can increase or decrease the
evaluation indicators according to the specific situation so as
to better evaluate the effect of lean management.

3. Experimental Results and Analysis

In order to further study the impact of internal control,
customer relationship maintenance, and financial manage-
ment on the effect of lean management innovation, this
paper constructs a method of lean management effect
evaluation.

3.1. Selection of Variables and Establishment of the Model.
*e explanatory variable in the regression model [32] is
enterprise lean management effect MAP. In order to sim-
plify the calculation of the model, this paper substitutes
variable EPS per share for enterprise leanmanagement effect
[33]. *e explanatory variables are internal control effect
ICE34, customer relationship maintenance effect CRM [35],
and financial management level FML [36], and the relevant
control variables are selected and designed as shown in
Table 2.

After the control variables of the regression model are
determined, the unknown parameters of the model are
estimated by using the sample data, and the multiple re-
gression linear regression model is designed as follows:

EPS � e + c0 + c1ICE + c2CRM + c3FML + c4ESIZE

+ c5BSIZE + c6DR + c7EC.
(16)

Here, c0 is the model constant, c1−c3 are the explanatory
variable coefficient, c4−c7 are the control variable coefficient,
and e is the residual term of the model. Whether the model
really reveals the relationship between the explained vari-
ables and the explanatory variables requires the establish-
ment of multiple linear regression equations based on the
actual observation data of dependent variables and multiple
independent variables, and the linear relationship between
the dependent variable andmultiple independent variables is
only a hypothesis. Although this hypothesis is often not
groundless, after establishing the multiple regression linear
regression model, it is also necessary to test the significance
of the hypothesis of the linear relationship between de-
pendent variables and multiple independent variables, that
is, to test the significance of multiple linear regression re-
lationship or to test the significance of multiple linear re-
gression model.

3.2. Selection of Sample Data and Descriptive Statistical
Analysis of Variables. From the sample data of lean man-
agement behaviors of enterprises in a city from 2017 to 2020,
75 enterprises and 86 enterprises are selected, respectively,
and the time node for the selected enterprises to conduct
lean management behaviors shall be June 2018. ST enter-
prises with abnormal operating performance shall be ex-
cluded, samples of abnormal financial data or financial
reports shall be excluded, enterprises of less than three years
of listed companies shall be excluded, financial and insur-
ance listed enterprises with obvious industry specificity shall
be excluded, and the last 123 research samples shall be
excluded. *e selected sample enterprises have assets of
more than 2 billion people, among which there are 36 en-
terprises with assets of 2–5 billion and 87 enterprises with
assets of more than 5 billion. From the scale of the sample,
we can see that the asset strength of the enterprise is strong,
and it has the precondition of lean management, and it is
helpful to control the financial risk.

Based on the SPSS 24.1 statistical analysis software, the
descriptive statistical analysis of each variable is performed
as shown in Table 3.

From 2017 to 2020, the change trend of the EPS-means
of the variables can be seen, from −0.0357 to 0.5499, which
shows that the EPS index after M&A shows an increasing
trend, and the level of business risks and financial risks of
enterprises is also decreasing. *en, analyze the correlations
among the explanatory variables, control variables, and
explained variables B of the enterprise before and after the
merger, and the statistical analysis results are as shown in
Tables 3–6. *e symbols ∗, ∗∗, and ∗∗∗ in Tables 4–7 indicate
statistical significance in the range of 10%, 5%, and 1%.

From the correlation data of each explanatory variable
and EPS of the explanatory variable, it can be seen that there
is a negative correlation between ICE, CRM, and FML

before M&A in 2014 and 2015 and the proportion of the
explanatory variable, while in 2016 and 2017 after the en-
terprise implements lean management, the correlation co-
efficient between the explanatory variables and the
coefficient of the explanatory variable is high, which

Table 1: Evaluation index grade standard.

Evaluation grade Critical value (%) Weight (%)
A 100 31.7
B 80 29.2
C 60 26.2
D 40 18.5
E 20 14.3

6 Scientific Programming



Table 2: Selection of control variables of the regression model.

Control variable Code Relevant description
Enterprise scale ESIZE Natural logarithm of asset scale in the year before lean management
Lean management scale BSIZE Lean management transaction volume/total assets at the end of the year
Debt ratio DR Total liabilities/total assets of the enterprise
Equity concentration EC Shareholding ratio of the top 5 shareholders of the enterprise

Table 3: Descriptive statistical analysis results of variables.

Variable Number of samples min max μ σ

EPS

2017 200 −0.2534 0.4552 −0.0357 0.0035
2018 200 −0.5524 0.5254 0.0450 0.0240
2019 200 0.5324 0.3524 0.5979 0.2558
2020 200 0.2357 5.4255 0.5499 0.5329

ICE 200 500 3.3037 2.2548 0.3358
CRM 200 500 0.3425 0.5254 0.0005
FML 200 500 0.3984 0.5949 0.5205
ESIZE 200 500 0.8524 0.3255 0.0047
BSIZE 200 500 5.2545 0.8748 0.5534
DR 200 500 52.2545 4.8455 5.3325
EC 200 500 3.3254 4.2544 0.0354

Table 4: Correlation statistics between model variables in 2017.

Variable EPS ICE CRM FML ESIZE BSIZE DR EC

EPS 1 — — — — — — —
ICE −0.231∗ 1 — — — — — —
CRM −0.235∗∗ 0.025 1 — — — — —
FML 0.057 −0.359 −0.811 1 — — — —
ESIZE 0.015∗∗ 0.256∗ 0.369 0.125∗∗ 1 — — —
BSIZE −0.0415 0.287∗∗ 0.448∗∗∗ 0.484∗ 0.015∗ 1 — —
DR 0.027 0.590∗∗∗ 0.458∗ 0.744 −0.999 0.362 1 —
EC −0.371 0.581∗ 0.012∗ 0.559∗∗∗ 0.072 0.005 0.168 1

Table 5: Correlation statistics between model variables.

Variable EPS ICE CRM FML ESIZE BSIZE DR EC

EPS 1 — — — — — — —
ICE −0.066∗ 1 — — — — — —
CRM −0.128∗∗ 0.036∗ 1 — — — — —
FML −0.005∗∗∗ −0.093∗ 0.285 1 — — — —
ESIZE 0.149∗ 0.245∗ −0.283∗∗ 0.356∗∗ 1 — — —
BSIZE 0.018∗ 0.858∗∗ 0.448∗∗∗ 0.484∗ 0.015∗ 1 — —
DR 0.158∗ 0.699∗∗ 0.414∗ 0.778∗∗ −0.115∗∗ 0.758∗∗ 1 —
EC −0.121 0.238∗ 0.021∗∗ 0.550∗∗ 0.654∗ 0.152∗∗ 0.256∗ 1

Table 6: Correlation statistics between model variables in 2019.

Variable EPS ICE CRM FML ESIZE BSIZE DR EC

EPS 1 — — — — — — —
ICE 0.282∗∗ 1 — — — — — —
CRM 0.369∗∗ 0.079∗ 1 — — — — —
FML 0.269∗ 0.331∗ 0.689∗∗∗ 1 — — — —
ESIZE 0.545∗∗ 0.667∗ 0.969∗∗∗ 1.365∗∗ 1 — — —
BSIZE 0.118∗ 0.864∗ 0.997∗∗ 3.497 19.626∗ 1 — —
DR 0.988∗ 2.554∗ 1.215∗∗ 0.826∗∗ −0.001∗∗ 0.758∗∗ 1 —
EC 1.128 −0.784∗ 0.007∗∗ 0.598∗∗ 0.025∗∗ 0.152∗ 0.148∗∗ 1
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indicates that it is scientific and reasonable to evaluate the
performance level of M&A in an all-round way from a
multidimensional perspective. From the analysis of the
data changes between the 4 control variables and the
explanatory variable EPS, it also shows an overall trend of
improvement.

3.3. Regression Analysis. *e multivariate linear regression
data analysis between variables before and after M&A of
sample enterprises from 2017 to 2020 is shown in Table 8.

To sum up, there is a high correlation between the
changes of multidimensional evaluation index factors se-
lected in this paper and enterprise lean management per-
formance. It is more accurate and reliable to
comprehensively evaluate the M&A effect of enterprises
based on multiple dimensions.

3.4. Comparison of Significance Coefficients of Different
Methods. *e enterprise lean management effect evaluation
research method (method 1), enterprise management
evaluation method based on evolutionary game model
(method 2), and enterprise management evaluation method
based on the third-party recycling model (method 3) pro-
posed in this study are used to test respectively. *e sig-
nificance coefficients of indicators selected by different
methods are compared. *e test results are as shown in
Figure 3.

According to the analysis of Figure 3, in multiple
iterations, the corresponding significance coefficient of
the enterprise management effect evaluation index se-
lected by method 1 is more than 0.8, the corresponding
significance coefficient of the industrial performance
evaluation index selected by method 2 is low to 0.4 in the
fourth iteration, and the corresponding significance
coefficient of the industrial performance evaluation in-
dex selected by method 3 is low to 0.5 in the third it-
eration. Comparing the test results of method 1, method
2, and method 3, it can be seen that the significance
coefficient obtained by method 1 is high because this
method selects the enterprise management effect eval-
uation index from the element flow and element com-
position on the basis of the basic principles of index
system construction according to the characteristics of
industrial upgrading and scientific and technological
production, which improves the rationality of the en-
terprise management effect evaluation index.

3.5. Comparison of Evaluation Accuracy of DifferentMethods.
Taking the evaluation accuracy as the index, methods 1,
2, and 3 are tested. *e test results are as shown in
Figure 4.

Analysis of the data in Figure 4 shows that the evaluation
accuracy of method 1 fluctuates between 80% and 100%, that
of method 2 between 40% and 60%, and that of method 3
between 60% and 80%. Comparing the test results of method
1, method 2, and method 3, the evaluation accuracy of
method 1 is the highest because the method uses the co-
efficient of variation method to calculate the weight of the
evaluation index of enterprise management effect, improves

Table 7: Correlation statistics between model variables in 2020.

Variable EPS ICE CRM FML ESIZE BSIZE DR EC

EPS 1 — — — — — — —
ICE 2.655∗ 1 — — — — — —
CRM 0.885∗∗∗ 0.900∗ 1 — — — — —
FML 2.268∗∗∗ 2.398∗ 0.789∗∗ 1 — — — —
ESIZE 2.669∗ 2.362∗ 1.699∗∗∗ 1.380∗∗∗ 1 — — —
BSIZE 9.287∗∗ 2.202∗ 6.562∗ 5.569∗ 19.596∗∗ 1 — —
DR 3.336∗ 5.565 7.254∗∗ 1.112 0.888∗ 7.784∗ 1 —
EC 5.542∗∗ 21.362 2.112∗ 1.251∗ 0.283∗ 2.834∗∗ 4.189∗ 1
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Figure 3: Significance coefficients of different methods.

Table 8: Multiple linear regression analysis between variables.

Variable
Explained variable EPS

2017 2018 2019 2020
ICE −0.005∗∗ 0.023∗ 0.125 0.635∗∗∗
CRM −0.276 −0.005∗∗ 0.236 0.551∗
FML 0.005∗ 0.202 0.287∗∗ 0.744
ESIZE −0.178 0.066∗ 0.145 0.222∗
BSIZE −0.883∗∗ −0.331 0.156∗∗∗ 1.451
DR −1.289 1.223 2.253 3.692
EC 0.980∗ 0.775 0.985 1.112
T 200 200 200 200
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the accuracy of weight calculation, and thus improves the
evaluation accuracy of method 1.

3.6. Comparative Test of Evaluation Speed and Satisfaction
with Different Methods. Take the evaluation speed and
evaluation satisfaction as comparison indicators to compare
the application performance of different methods. *e re-
sults are shown in Figure 5.

As can be seen from Figure 5, under the eight iterations,
the evaluation model constructed by the proposed method is
faster, and the time consumption is more stable with the
increase of the number of experiments, while the time
consumption of other methods is higher and the evaluation
speed is slower, which shows that the proposed method has
greater advantages in evaluation efficiency. Figure 6 shows
that in 500 iterations, the proposed method resulted in

higher user satisfaction and a smaller degree of satisfaction
fluctuation.

3.7. Comparative Test of Cumulative Contribution Rate and
Root-Mean-Square Error of Different Methods. *e study
adopted the lean management effect evaluation method
(Method 1), the evolutionary game model-based enterprise
management evaluation method (Method 2), and the third-
party recycling model-based enterprise management eval-
uation method (Method 3). *e cumulative contribution
rate and root-mean-square error of different methods are
compared, and the results are used to measure the effec-
tiveness of different methods. *e results are shown in
Figures 7 and 8.
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Figure 4: Evaluation accuracy of different methods.
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Figure 5: Comparison of evaluation speed of different methods.
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Figure 6: Analysis of satisfaction results of evaluation methods.
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Figure 7: Comparison of cumulative contribution rates of different
evaluation methods.
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From the experimental results of Figures 7 and 8, it can
be seen that compared with the evaluation method based
on the evolutionary game model (Method 2) and the
evaluation method based on the third-party recycling
model (Method 3), the method proposed in this study
(Method 1) has a higher cumulative contribution rate and
application stability. *e cumulative contribution rates of
Methods 2 and 3 are low, which indicates that less effective
information is obtained in the application of this method,
and that indirectly results in the error of evaluation
results.

To sum up, there is a high correlation between the
changes of multidimensional evaluation index factors se-
lected in this paper and enterprise M&A performance. It is
more accurate and reliable to comprehensively evaluate the
effect of enterprise M&A based on multiple dimensions. *e
significance coefficient obtained by this method is higher,
the evaluation accuracy is higher, and the evaluation speed of
the evaluation model is faster, and with the increase of the
number of experiments, the time consumption is more
stable, with higher cumulative contribution rate and ap-
plication stability.

4. Conclusion

A more accurate evaluation and analysis of the evaluation
methods commonly used in enterprise management is
conducive to the enterprise in the actual evaluation of a
reasonable choice of evaluation methods. *is paper puts
forward the application research of data mining in en-
terprise lean management effect evaluation. *rough the
data mining algorithm to establish the enterprise lean
management effect evaluation index system, the index
weight is calculated. Association rules and fuzzy set
transformation are used to describe the fuzzy boundary of
each index and factor, and fuzzy judgment matrix is
constructed to evaluate the effect of lean management.
Experimental results show that the significance coefficient

and precision of the results are high, and the cumulative
contribution rate is high, which shows that the proposed
method has good practicability.
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