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1. Introduction

Abstract. In order to fully excavate the information contained in multi-index and small
sample panel data, one takes decision objects as the research object. The development
state matrix and the development speed matrix of the decision objects are defined by
considering the cross-section information and time information of the decision objects,
and then the distances among the objects over the indices are given. Based on grey
incidence analysis, the absolute difference and relative difference between the measured
value matrices are used to characterize and measure the close degree of the development
state matrix and the development level matrix of the decision objects, so that the grey
object matrix absolute incidence analysis model is established. Subsequently, according to
the grey incidence degree between the objects, the objects can be clustered based on the
hierarchical clustering algorithm. Finally, a clustering problem of regional patent research
and development (R&D) efficiency is used to verify the validity and rationality of the
proposed model.

(© 2021 Sharif University of Technology. All rights reserved.

finance [2], energy [3,4], etc., and its importance is self-

The panel data combines the characteristics of the
time data series and cross-section data, and it can
describe the dynamic characteristics of the research
object. It is widely used in the modeling practice
of economic and management problems, and it has
an important position in the analysis and research
of economic and management problems. In addition,
multi-indicator panel data can provide a more impor-
tant application background and value for providing
comprehensive information and data characteristics
of research objects. Panel data clustering analysis
has been widely used in areas such as marketing [1],
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evident. For instance, if one wanted to measure the
level of China’s green technology innovation efficiency,
its data should include time, evaluation indicators and
subjects to be evaluated. This is a typical panel
data that contains three evaluation dimensions. Tra-
ditional two-dimensional data forms can only express
information on any two of the three dimensions, such
as time-evaluation indicators, time-evaluation subjects
and evaluation indicators-evaluation subjects. Cases
similar to this include assessment of air pollution in
the environmental field, identification of financial risks
in the financial sector and predictions of energy con-
sumption in the energy sector. Panel data clustering
requires efficient aggregation of feature information
in three dimensions, whereas traditional clustering
methods cannot be applied to panel data. In other
words, many problems in the real world contain panel
data information. How to effectively mine the effective
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information contained in the panel data is of great
significance for the analysis of clustering results and
real problems.

Research into the panel data clustering method
is still in its infancy, and the existing methods are
mainly based on multivariate statistical theory. Bonzo
and Hermosilla (2002) first introduced multivariate
statistical methods into panel data analysis and used
probabilistic connection functions to improve clustering
analysis algorithms for panel data analysis [5]. Sub-
sequent research involves fixed effect [6], time series
[2,7], ordinal data [8], parameter estimation [9,10],
etc. However, the statistical method performs cluster
analysis, which has certain requirements on the number
of samples. Melanization of statistics such as the
variance and covariance is likely to result in loss of
data information. With the development of computer
technology and the improvement of computing power,
clustering algorithms for panel data are beginning
to emerge. These studies are mainly related to the
Bayesian approach [11,12], artificial bee colony [13],
data mining [14], DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) [15] and GMM
(Gaussian Mixture Model) [16]. The shortcomings of
the above literature is that their clustering ideas mainly
focus on the improvement and design of the clustering
algorithm, but do not examine the multiple dynamic
information features of the data format of the panel
data. For the latter, considering the spatiotemporal
characteristic of panel data and the uncertainty of the
decision-making system, some scholars adopt uncertain
system theories and methods such as grey incidence
analysis, rough set [17,18] and others [19] to deal with
panel data.

Grey incidence analysis is an important part of
the grey system theory, which is also the cornerstone
of grey system analysis, grey decision, and grey clus-
tering. Being different from the statistical methods
that require large samples, the grey incidence analysis
is suitable in cases of small size samples , and is often
used to access the connection or influence degree among
system variables. Its basic idea is to determine whether
the link between different sequences is tight according
to the geometry of the sequence curve [20]. Due to its
unique advantages, the grey incidence analysis model
and method is becoming a hot issue for domestic and
foreign scholars since it was proposed. Currently, it is
widely used in economic analysis and evaluation [21],
engineering management [22,23], supplier selection [24]
and other fields.

According to the existing kinds of literature on the
grey incidence analysis method to deal with problems
with panel data, they are related to five aspects shown
as follows.

1. AHP, ANP, TOPSIS, and Fuzzy soft sets. Other

decision-making methods or models are combined
with grey incidence analysis to construct some hy-
brid models [25-29]. These models only utilize the
grey incidence analysis method as a pretreatment
method of data, which restricts the expansion and
application space of grey incidence analysis;

According to the geometric characteristics of the
data, based on the semi-definite characterization of
the Hessel matrix and the proximity of the relative
concavity and convexity of the incidence sequences,
a grey incidence analysis model is established [30].
However, the model produces the problem of de-
viation resulting from continuous form to discrete
form;

By extending from the relationship of the curves
of sequence to surface relationship, based on the
similarity of spatial geometry, a three-dimensional
grey absolute incidence model is constructed in
the form of the family of surfaces [25,31], but this
extended model is affected by the presentation of
the family of surfaces;

Based on the spatiotemporal characteristics of
multi-index panel data, from the view of measuring
the similarity between the objects from three as-
pects: “horizontal”, “incremental” and “variation”
distances of the panel data, a grey matrix incidence
analysis model for panel data is established [32].
However, the model is difficult for assembling infor-
mation as a result of comprehensively considering
the absolute quantity, incremental index and timing
fluctuation of the panel data,;

To analyze and extract the development law of the
things, Li et al. (2015) constructed a cumulative
generation sequence of the time series of all indices
under the different objects. They subsequently
designed the index incidence analysis model by
exploiting the average generating rate of the gen-
eration sequence to represent the dynamic change
trend of the original sequence and synthesizing the
triple different information of deviation, difference,
and separation [33,34]. Kuh (1959) used inter-
group estimates in the paper and found that the
cross-sectional samples may be inconsistent with
the time series samples [35]. Due to the two-
dimensional nature of the panel data, the corre-
lation between the correlation of the variables in
the time series dimension and the cross-sectional
dimension may be heterogeneous. This heterogene-
ity is an important reason for great changes caused
by different effect settings in the estimation results
[36,37].  Frithwirth-Schnatter (2011) considered
continuous and non-continuous longitudinal time
series data sets in panel data clustering [7]. Izakian
et al. (2015) proposed a Dynamic Time Warping
(DTW) distance for clustering panel data [38].
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The study of panel data cross-section dimensions
mainly includes dependence [39], heteroscedasticity
[40], etc. Therefore, dealing with panel data, it is
important to consider both cross-sectional and time
dimensions.

Based on the above discussion and comparing the
results of Table 1, there are two obvious shortcomings
in the existing research. For panel data clustering
based on statistical and intelligent algorithm methods,
these clustering methods only work on large sample
data. Because statistics and big data algorithms are
modeled on massive data, it is difficult to get good
results when the sample size is small . On the other
hand, although data processing methods based on the
grey theory can describe and solve the problem of small
sample panel data or high-dimensional data to a certain
extent, and enrich and expand the scope of the grey
relational analysis model, they do not take the cross-
sectional and time dimensions of the decision object
into account to excavate the information contained in
the multi-index panel data. At the same time, the num-
ber of clusters is generally given by humans, lacking
scientific rationale, which often leads to discrepancies
between clustering results and reality. Therefore, con-
sidering these two aspects, this paper attempts to mine
the cross-section information and time information
of the research object, and uses the grey absolute
incidence analysis method to construct the grey object
matrix absolute incidence clustering method based on
multi-index and small sample panel data. On this
basis, the hierarchical clustering algorithm is applied to
overcome the drawbacks of traditional grey clustering
to determine the clustering threshold, so that it is
simpler and more reasonable to obtain the clustering
number.

The remainder of this paper is organized as
follows: The grey object matrix absolute incidence
analysis method based on multi-index panel data is

proposed in Section 2. In Section 3, a hierarchical
clustering algorithm based on the grey object matrix
absolute incidence analysis model is established. In
Section 4, the case is used to cluster and assess the
regional patent R&D efficiency. Finally, this study
gives some conclusions that have been concluded from
the novel grey object matrix incidence clustering model
and cases in Section 5.

2. A grey object matrix absolute incidence
analysis method based on multi-index panel
data

Suppose that there exists a multi-index panel data de-
cision information system denoted as S = {U, A,V,C},
where U = {1,2,..,N} and A = {a1,a2,....,am}
stand for a set of objects and indices, respectively;
V = vaj(z' =1,2,..,n;5 = L,2,..om;t = 1,2,..,T)
expresses the value field of panel data, and vfj shows
the observed value of the object ¢ at time ¢, with respect
to index j. It can be converted to a two-dimensional
table on the plane, as shown in Table 2.

Definition 1. Assume that x;;(¢) respects the di-
mensionless measure of the index value vfj of j (j =
1,2,...,m) at the time ¢ (+ = 1,2,...T) of ¢ (1 =
1,2,...,N), on the premise of ¢ = 1,2,...n;5 =
1,2,...,m; and t = 1,2,...,T. If it satisfies p,;(¢) =
Az (t)

) , then:
_Iil(l) Zig(l) .%’1']'(1) l’im(].)-
I11(2) ZElz(Q) .1'1](2) $1m(2>
Ti= Iil.(t) .%’iz.(t) l’ij.(t) xzm(t) ’
(1) 2aT) oo ay(T) o o (T),
i=1,2,..,N,

Table 1. Comparison between clustering method proposed in this paper and existing methods.

Literature Multidimensional Large sample Small sample Number of clusters
information
(5] V4 V4 Artificial determination
[6] Vv Artificial determination
[2,7] Vv V4 Artificial determination
[9,10] Vv Artificial determination
[11-15] Vv Automatic determination
[32] V4 Artificial determination
[33,34] V4 Artificial determination

Grey clustering

This paper Vv

Artificial determination

Automatic determination

L
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Table 2. Three-dimensional table description method of panel data.

Time 1 t T
index index index
Object 1 7 I (T 1 7 m 1 7 m
1 Uiy 1‘%]' Vi viy Uij Vi ’Uﬂ U1; Vim
? Vi1 l’L] Vim Vi1 L’L] Vim U'qu U;ZI; l'LTm
n v"}zl 'L‘.}L]' U“}Lm 'Ule ’Ui]‘ vfzm ’Uz:l 7.?3;]‘ 'U,,q:m
pin(2)  piz(2) 1i5(2) tim(2) development speed matrix of an object and under panel
: : : : data, respectively. By referencing the panel data mean
i i ) ' and variance processing method from the pieces of
a 'lm.( ) M?( ) 'u”.( ) 'umf( ) literature [41,42], one can obtain as follows:
i (T)  paz(T) 13 (T) pim (1) . 1
disj = TZAmw (1)
i=1,2,...,N, t=1
are called the development state matrix and devel- , 1 !
i ect i, A= | 7 D () = s ()2 @)
opment speed matrix under panel data of object 1, isj T_1 Hij s )
t=1

respectively, where z;;(¢t) and pu,;(t) stand for the
absolute quantity and relative quantity of the index,
respectively, and Ax;;(t) = |x;;(t) — x4;(t — 1)].

For the clustering problem with panel data, the
development of objects with different indices in differ-
ent stages takes on different states. Each sequence of
panel data matrix represents the corresponding system
behavior index. The columns of the matrix describe the
cross-sectional characteristics of each object, while the
rows of the matrix reflect the temporal characteristics
of the object. It can be said that the object is mainly
affected by the cross-sectional information and time
information. Therefore, for any two objects, the prox-
imity degree is required to measure the comprehensive
and integrated information of these two aspects. In
order to accurately characterize the dimension charac-
teristic of panel data, the dissimilarity degree is used
to reverse the similarity among objects; the smaller the
dissimilarity degree, the greater the similarity. The
panel data contains information on two dimensions:
section and time. The section information is reflected
in the relative development state of different objects.
The time information is reflected in the development
speed level. Therefore, the relative development level
and development speed can be used to measure the
similarity of section information and time information.
So that the grey object matrix absolute incidence
analysis model is constructed.

For Vi,s € X,Va; € AVt € T and @ # s, if x4, X
and p;, ps represent the development state matrix and

which are the development state horizontal distance
and development speed horizontal distance between
object ¢ and s over the multi-index panel data, respec-
tively. The proof of Theorem 1 in Appendix A can be
used to prove that the settings of Eqgs. (1) and (2) are
in accordance with the grey sequence operation, where,
AL, = [ (8) = 24, (1)

Definition 2. For Vi,s € X,Va; € AVt € T and
i # s, if dj,; and d7,; stand for the development state
horizontal distance and development speed horizontal
distance between object ¢ and s, respectively, then:

min min d?,; + pmax maxd,;
bisj = —F S (3)
isj — 3 3 s
dig; + pm?xm?xdisj
m
A
Ay =& = > wikiej (4)
=1

are called the grey incidence coefficient and incidence
degree between object ¢ and s over the index and the
index set under panel data, respectively, where, d?sj =

Mdl o+ Xd? . 0< A <1,0< A < LA+ Ay =1,

157 1877

p € (0,1), w; is the weight of the index j(j = 1,2, ...,m)
m

under the index set, 0 < w; < 1, > w; = 1. Then,
j=1
the value of A\; and Ay are determined based on the
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specific problem. It can be obtained through expert
investigation, analytic hierarchy, the entropy weight
coefficient method, the variance contribution method
and so on. The principle is to make the clustering
results more in line with the actual situation, if A\; >
Ao, it shows that the cross-sectional features of the
panel data affect the clustering results more than the
timing characteristics, and vice versa.

Definition 3 is the grey object matrix absolute
incidence analysis model.

Theorem 1. The grey object matrix absolute inci-
dence analysis model has the following basic properties:

Normality, 0 < &5 < 1;
Symmetry;

Proximity;
Comparability;
Uniqueness;
Similarity;

Parallelism;

@ N o gtk W

Consistency.

Proof. the specific proof process is detailed in Ap-
pendix A.

There are many methods for measuring the similarity
between decision objects in existing literature, and the
typical ones mainly involve the following:

1. Minkowski distance.

1/p
dist(X. 7 (zm mp) . (5)

2. Cosine similarity [33,34].

—
os(f) = % (6)
[ X]-1Y]

3. K-L distance (relative entropy)[‘l:ﬂ.

Dpllq) = Zp (7)

The Minkowski distance does not take into ac-
count the distribution of individual components (ex-
pectation, variance, etc.), which may be different. It
exaggerates the role of small variables and is unsta-
ble. The cosine similarity requires the integrity of
the data for each dimension and is not sensitive to
absolute quantities. The K-L distance is difficult to
deal with panel data with small samples and unclear
probability distribution. Therefore, the grey object
matrix absolute incidence proposed in this paper can
make up for any lack in the above methods, and fully
excavate the information contained in the multi-index
panel data.

3. Hierarchical clustering algorithm based on
grey object matrix absolute incidence
analysis model

The cluster of grey incidences is mainly used to classify
factors of the same type in order to simplify compli-
cated systems, and then classifies the observed objects
by setting thresholds on the basis of grey incidence
degree between any two observed objects [1].

Definition 3. It is assumed that d is the distance
between the decision object ¢, and s on the multi-index
set A. For Vi,s € U, if d&& = d% is satisfied, then, the
matrix:

'dlil dl} e d’l} s dﬁn'
sy dgy ... diy ... db,

L IR (S ()
oy dny o dn o d ]

is called the incidence matrix of the objects over the
multi-index.

Definition 4. It is assumed that d stands for the
incidence matrix of the objects over the multi-index.
For Vi,s € U, A, the threshold value a € [0,1]. If
dé > «, then i, and s are the same class.

The threshold value a can be determined accord-
ing to the needs of the actual problem. If the threshold
value « is closer to 1, the more detailed classification,
and the lower the number of objects in each component;
if the threshold value « is smaller, then the more coarse
the classification is, and each component of the variable
is relatively more. Generally, o > 0.5.

According to Definitions 3 and 4, one can find that
grey incidence clustering is based on the determined
clustering threshold value, which lacks a theoretical ba-
sis. However, the hierarchical clustering algorithm can
overcome the shortcoming. The hierarchical clustering
algorithm repeatedly calculates the similarity between
two types of data points and combines the most similar
data of two points in all data points to realize the final
classification. In summary, the hierarchical clustering
algorithm determines the similarity between them by
calculating the distance between each data point and
all data points.

The smaller the distance, the higher the similar-
ity; the larger the distance, the lower the similarity.
Then, the final distance from the nearest two data
points or categories are combined to generate a clus-
tering tree, as shown in Figure 1.

Based on the above analysis, it is well known
that the algorithm is a typical greedy algorithm. This
algorithm firstly forms the local optimum and finally
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Figure 1. Schematic diagram of the hierarchical
clustering algorithm.

achieves the global optimum. Because the results
based on the hierarchical clustering algorithm depend
entirely on the choice of the parameters, there is no
need to make a global objective function and a local
minimum in the K mean method and how to select
the initial point can be ignored. Meanwhile, the merge
operation of the hierarchical clustering algorithm can
get the final cluster results directly, which means that
once two clusters are combined, they are not revoked.
Therefore, the hierarchical clustering algorithm not
only avoids the error caused by the uncertainty of
human cognition but also overcomes the problem of
setting a grey incidence clustering threshold value, so
that the cluster results from the hierarchical clustering
algorithm are closer to the real situation. In view of
this, on the basis of the grey incidence degree between
any two objects, the cluster of grey incidences are
substituted to cluster analysis by the method of the
hierarchical clustering algorithm.

In the hierarchical clustering algorithm, there are
many ways such as Euclidean, Mahalanobis, Cityblock,
Minkowski, Cosine, and Hamming to calculate the
distance matrix. However, these distance calculation
methods focus on the construction of distance, and
they do not reflect the actual background of the
research problem. They cannot totally reflect and
excavate the information contained in the panel data,

so, a novel distance matrix should be established to
reflect the information of the panel data and meet the
requirements of the hierarchical clustering.

In fact, the greater the grey incidence degree
between the two clustering objects, the smaller the
distance between the two clustering objects, and vice
versa. It can be seen that the grey incidence degree
between the two clustering objects is an inverse re-
lationship with distance, and then the reciprocal of
the grey incidence degree can be used to express the
distance. Because the distance between an object and
its own is 0, the principal diagonal of the distance
matrix is all 0, the principal diagonal of the grey
incidence degree matrix is all 1, and therefore, the
transformation by taking the grey incidence degree to
be reciprocal and then reducing by 1 can be realized.
Assume that d’ stands for the distance matrix in this
paper, the distance matrix d’ can be obtained as
follows:

-d11 d12 . dls . dlnw
d21 d22 - d25 - dgn
o . : .
d = dﬂ dig dis din ’
I Y A dnnJ

where, d;js = 1/d2 — 1,1 =1,2,--- ;n;s=1,2,--- .

The algorithm flow of the hierarchical agglomera-
tive clustering based on the grey object matrix absolute
incidence analysis can be determined, as shown in
Figure 2, and its specific steps are as follows:

Step 1: Calculate the grey incidence degree between
any two objects and turn it into the distance;

Step 2: Classify each decision object as a class and
get a total of IV classes;

Calculate the gray

relevance into distance

Each decision object
is classified as a

relational degree between
Start any two decision objects > class and gets a
and turn the degree of total of N classes

Calculate the

> distance between the

new class and all the
old classes

The closest two
»

P classes are merged
into one class

A

Whether to

synthesize a class

No

Figure 2. Algorithm flowchart of the hierarchical clustering.
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Step 3: Merge the closest two classes into one class;

Step 4: Calculate the distance between the new class
and all the old classes;

Step 5: Repeat the third and fourth steps until
the end of the merge into a class (which contains N
objects) or to satisfy certain conditions;

Step 6: End.

4. Case applications

The patent is an important index to measure the
technological innovation capability of regional high-
tech industry. It is necessary for gaining scientific and
technological competitiveness and occupies the high
ground of science and technology. After more than
30 years of reform and opening-up, China’s scientific
and technological innovation activities have greatly
increased. According to the statistical data of the
National Bureau of Statistics 2008-2016, the patent
R&D investment (R&D staff full-time equivalent and
R&D expenditure) and output (patent application
volume, technical market turnover) increase {rom 173.6
million person-years, 3710.2 billion yuan RMB, 573
thousand, 87.6 billion yuan RMB in 2007 to 375.9 mil-
lion person-years, 1416.99 billion yuan RMB, 27985001,
986.6 billion yuan RMB in 2015, respectively, and
the growth rate is much faster. However, through
analysis, it can be seen that technology R&D in
China is still at the initial stage, and there are some
problems such as uneven regional development and
low efficiency. Compared with the efficiency of patent
R&D in developed countries, the driving force of patent
R&D in China country has not yet appeared, and there
exists a variety of waste in the factors of scientific and
technological development. The “fragmentation” of
patent input and output is more serious, which directly
affects the utilization efficiency of China’s scientific
and technological resources, as well as a strategic
deployment of the transformation of economic devel-
opment mode and the construction of an innovative
country. By evaluating and analyzing the development
status of regional patent R&D in China, one can
grasp and clarify the differences in the status of patent
development in various regions and formulate policies
and measures for R&D in different regions. According
to the statistical data of the “China Statistical Year-
book” (2012-2016), the “China Statistical Yearbook
of Science and Technology” (2012-2016) and CNIPA
(China National Intellectual Property Administration),
one takes the data of the efficiency of patent R&D in
30 provinces or regions (provinces, municipalities and
autonomous regions of China), (The Tibet region is not
included because of lacking some data) as a research
object, and uses the proposed model to evaluate the
efficiency of regional patent R&D in China.

The efficiency evaluation of provincial patent
R&D is a complex systematic project, and it is
necessary to establish a comprehensive and objective
evaluation index system. According to the principles
of scientific, comprehensive and data availability, on
the basis of relevant research [44], from the angle of
patent innovation input and output, an evaluation
index system of patent R&D efficiency is designed. In
terms of input, macro environment and R&D input
should be focused on. Generally speaking, the macro
environment can be measured and characterized by
the per capita GDP and the number of people with
a college degree or above. The R&D input is mainly
measured by two indices of internal expenditure on
R&D and the full-time equivalent of R&D personnel.
In terms of output, it mainly describes the level and
capability of patent R&D output from three dimensions
of output capability, output quality, and industrializa-
tion level. The output capability is generally measured
by the number of patent applications accepted. The
output quality is measured by two indices of the num-
ber of invention patent applications accepted and the
technology market turnover, and the industrialization
level is measured by high tech industry profits and
export volume. The specific evaluation indices are
shown in Table 3, and the standard and well-developed
dataset of panel data are shown in Table 4.

According to preliminary research and the evalu-
ation information from invited experts, the weight of
each index can be determined, respectively, and it is
shown as follows:

(w1, W, w3, Wa, Ws, We, Wr, Ws, Wy) =

(0.2,0.08,0.1,0.12,0.06,0.15,0.11,0.1, 0.08).

Based on the adaptive algorithm from the literature
[45], the weights of cross-sectional information and time
dimension information can be calculated as follows:

)\1 = 07, )\2 =0.3.

Based on the proposed model in this paper, the
grey incidence degree among regions and the incidence
matrix, the index system of the patent R&D efficiency
can be calculated as shown in Table B.1 (Appendix
B). Then, the hierarchical clustering distance matrix
between any two regions can be determined using the
designed method in this paper, as shown in Table
B.2 (Appendix B). According to the clustering object
distance matrix of 30 regions in China under the index
system of patent R&D efficiency, the “Ward” method
is used to cluster 30 regions, and then the specific
clustering categories can be obtained, as shown in
Figure 3.

From Figure 3, we can see that 30 provinces
and cities in China mainland can be clustered into
the four categories of excellent, good, medium and
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Table 3. The index system of patent Research and Development (R&D) efficiency in China’s provinces and cities.

First level index Second level index Third level index
Macro .
. Per capita GDP
environment
The number of people with a college
Input degree or above
R&D input Internal expenditure on R&D
The full-time equivalent of R&D
personnel
Output The number of patent applications
capability accepted
The number of invention patent
Outout Output quality Application accepted
utpu Technology market turnover
Industrializati . .
naus lrla iza ot High technology industry profits
eve

Export volume

Table 4. Three-dimensional table description method of panel data in China’s provinces and cities.

Time 1 t 5
Index Index Index
Object 1 w. j§ . 9 . 1 T T )
1 1 1 t t & T T T
1 V11 1)1]' V19 v11 vlj V19 V11 ’Ulj V19
. 1 1 1 t t 't T T T
(2 Vi1 Ui]‘ V9 Vi1 Uij V;i9 Vi1 vi]- U9
1 1 1 t t t 5 5 5
30 V301 7_)30]‘ V309 V301 ’Ugoj V309 V301 V30 V309
5
4r Poor Moderate Excellent Good

Figure 3. Tree cluster diagram of patent Research and Development (R&D) efficiency of provinces and cities in mainland

China.

poor. For the category of excellent, the efficiency of
patent R&D is relatively high, and the patent R&D
is at the mature stage, which is embodied in the high
input and output of patent R&D. These provinces and
cities include Beijing (Jing), Guangdong (Yue) and

Jiangsu (Su). Those provinces and cities with good
efficiency of patent R&D are Tianjin (Jin), Zhejiang
(Zhe), Shandong (Lu) and Shanghai (Hu), respectively.
Those provinces and cities with general efficiency of
patent R&D (at medium level) cover Hebei (Ji), Hei-
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longjiang (Hei), Henan (Yd), Hunan (Xiang), Jilin
(Ji), Chongqing (Y1), Anhui (Wan), Sichuan (Chuan),
Hubei (E), Shaanxi (Shan), Inner Mongolia (Meng),
Liaoning (Liao), Fujian (Min). Those provinces and
cities with low efficiency of patent R&D (at poor
level), include Yunnan (Dian), Gansu (Long), Guizhou
(Qian), Shanxi (Jin), Jiangxi (Gan), Guangxi (Gui),
Hainan (Qiong), Qinghai (Qing), Ningxia (Ning), Xin-
jlang (Xin). From the clustering results, one can
see that the efficiency of the regional patent R&D is
imbalanced, and the efficiency of the eastern provinces
and cities are significantly better than those of the
central and western provinces and cities. The efficiency
of the central provinces and cities are better than that
of western provinces and cities, while the efficiency
of the western provinces and cities are the worst.
Furthermore, there are few provinces and cities with
higher efficiency, and many more regions are general
and poor, which indicates that the scale effect of
China’s patent R&D has not yet been highlighted, and
the efficiency of patent R&D is not as high as a whole.

For those regions with relatively high efficiency,
they rely on strong scientific research institutions,
government policies and adequate financial support.
Thus, they develop early science and technology, so
that their market internationalization, information
level and transformation rate of patent achievements
are high. However, it is difficult for the efficiency
of these regions to have a greater breakthrough in a
short time. Therefore, these regions should pay much
more attention to international development, and take
on responsibility to occupy the best of international
science and technology in order to develop patent
R&D and realize the rise of China’s manufacturing
industry. Some measures, such as making full use
of international resources for innovation to accelerate
the internationalization level and expand the vision of
globalization, adjusting the patent structure to reduce
development costs, increasing the number of high-
tech industry patents to break the international patent
barriers, and participating in international competition
should be taken.

For these regions with relatively good efficiency of
patent R&D, their economy develops well, their science
and technology power is strong, and thus their patent
input is at a higher level. However, the ability of
these regions’ output ability and input is obviously
insufficient, and their market orientation of patents
needs to be improved; the efficiency of patent R&D
is not fully excavated and improved. In order to
improve the efficiency level of these regions’ patent
R&D, it is necessary to improve the efficiency of
the usage of innovative resources, and make effective
use of the scientific and technological market as the
first direction in patent R&D, broaden the scope of
patent R&D and form a reasonable patent structure.

Realising the inherent advantages of patent R&D, these
provinces and cities must continue to maintain and
consolidate a leading position, and strive to seek a path
of internationalization and globalization development.

For those regions with general efficiency of patent
R&D, their patent R&D is at a stage of rapid de-
velopment, but their patent R&D input and output
are at a moderate level. These regions are mainly
the central provinces, which are in a stage of rapid
economic development. However, these regions cannot
blindly pursue the quantity and speed of patent R&D,
and ignore the quality. Otherwise, the consequences
will be a lot of useless waste of scientific and tech-
nological resources, and the efficiency of patent R&D
will not be high. If these regions want to maintain
the healthy, stable, green and sustainable development
of patent R&D, they should source flow in terms of
input. Meanwhile, local governments should guide the
direction, based on the existing characteristics of these
regions’ resources and advantages, and increase the
input of patent R&D funds, personnel and policy and
make reasonable plans for patent R&D according to
local conditions. In the aspect of output, these regions
should adhere to the market orientation, improve the
scientific and technological content and quality of
patent R&D, and avoid invalid patents of , low value
and low efficiency. Based on the clustering results, the
authors management insights are as follows:

1. The category of “Excellent”. The patent R&D
efficiency of such provinces and cities is unlikely to
have a greater breakthrough in the short term. The
future development direction of these provinces and
cities should be tuned into the international market.
It is necessary to take the initiative to assume the
height of international technology. They should
make full use of international innovation resources,
accelerate the level of internationalization, expand
the horizon of globalization; adjust the patent R&D
structure to reduce R&D costs, increase the number
of patents in high-tech industries, break through
international patent barriers, and participate in
international competition;

2. The category of “Good”. To improve the level
of patent R&D in such provinces, it is necessary
to improve the utilization efficiency of innovative
resources. The R&D of patents should be based
on the effective demand of the technology market.
The scope of patent R&D should be broadened
and a reasonable patent structure formed. China
must continue to maintain and consolidate a leading
position and seek the path of international and
global development;

3. The category of “Moderate”. Such areas must
maintain the healthy, stable, green and sustain-
able development of patent R&D. In terms of
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Figure 4. Cluster maps based on different methods.

investment, sources should be opened and expen-
ditures reduced. The government should guide
the direction, relying on the existing resources and
advantages of the region. It should increase invest-
ment in patent R&D funds, talents and policies,
and formulate reasonable patent R&D development
plans according to local conditions. In terms of
output, China must adhere to the market-oriented,
improve the scientific and technological content and
quality of patent R&D, and avoid invalid, low-value,
low-efficiency patents;

4. The category of “Poor”. The R&D of patent in such
provinces and cities is in its infancy. To improve
the patent R&D of such provinces, the government
should strengthen policy support and capital in-
vestment support, and introduce high-quality, high-
tech enterprises and research institutions. At the
same time, the government needs to improve the
science and technology innovation infrastructure
to improve the level of economic development in
the region; strengthen cooperation with science
and technology projects in the central and eastern
regions, and use regional resources to develop an
over the border high-tech industry trade.

In order to better demonstrate the advantages and
disadvantages of the proposed method, the clustering
results of this paper were compared with classical grey
clustering and principal component analysis clustering
and the clustering results were presented using maps,
as shown in Figure 4.

It can be seen from the clustering map that
compared with the method proposed in this paper, clas-
sical grey clustering and principal component analysis
clustering do not give ideal divisions to the central and
western provinces, and they are collectively grouped
into one category. The reason may be that the clas-
sical grey clustering and principal component analysis
clustering cannot simultaneously mine the cross-section
dimension and time dimension information of the panel
data, resulting in incomplete characteristic extraction

of decision objects. Although the absolute amount of
patent input and output in the central and western
provinces is relatively low, from the observation period,
its patent R&D efficiency is increasing, which has a
large area for improvement. In addition, the determi-
nation of the clustering threshold is too subjective and
lacks a reasonable scientific basis, which will lead to
deviation of clustering results to some extent.

Through the above analysis, the proposed model
in this paper can make full use of existing information,
and mine related information and rules contained in the
panel data, and properly deal with the problem with
the cluster evaluation of panel data. Thus, the results
calculated by the model are consistent with the actual
situation.

5. Conclusions

In order to fully grasp the information contained in the
panel data, under the guidance of the idea and method
of the grey incidence analysis model and hierarchical
clustering algorithm, this study establishes a novel
grey object matrix absolute incidence clustering model
based on multi-index panel data, which enriches and
develops the application area and range of the grey
incidence analysis method. Through model and case
analysis, the results show that the proposed model
in this paper can effectively deal with the clustering
decision problem with panel data, and extract the
information about the development status and develop-
ment speed of the objects under panel data. However,
the proposed model in this paper cannot efficiently deal
with the decision problem which contains a hysteresis
effect and periodic fluctuation. Considering this, the
proposed model still needs further research.
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Appendix A

Proof of Theorem 1:

1.

Normality. Known by Definitions 1 and 2, 0 <

i, di, and 0 < A < 1,0 < A S LA+ A2 =1,
then 0 < d?sj = /\1d113j + Azdfsjw If m.inm,ind?sj =
J

1

3
# d3;, then
3

18]

d3.., then &¢;=1; if minmind?
[

187 18]

3

187

3

5]

1. Obviously, 0 < §;,;. Therefore, 0 < &5 < 1.
m

In addition, 0 < w; < 1,> w; = 1, that is
j=1

0 < &5 < 1, the grey incidence degree satisfies the

normality.

d?s - > min min d
J 3 j

thus we can get min mind
g J

pmlaxmjaxdfsj <d+ pmlaxmjaxd?sj, then &;5; <

Symmetry. If U = {i,s}, then |z;(t) —
v ()] = |rg(t) — zi(O] [pa(t) — pg @ =
[sj(t) = paj(0)]?.  In view of this, dj,; = di;;,
di,; = dZ;;, that is d} ;=d3;;. Obviously, one can
get min min d?,; + pmaxmaxd? ; = minmind?, +
i _7 18] i _7 187 s _7 S
pmaxmaxd}; di; + pmaxmaxdl; = di; +
s j i j
pmax maxd?;.
s g

Thus, when &;5; = &5, that is & = &, the
grey incidence degree satisfies the symmetry.

Since the dimensions of different indicators in

the original sample matrix are different, the different
dimensions of the indicators will have an impact on
the modeling quality and the system analysis results.
Therefore, the original data matrix needs to be pro-
cessed to eliminate the influence of the dimension. For
the object behavior matrix in which the multiplication
transformation occurs, the correlation coefficient of
each point is unchanged after the elements are stan-
dardized, so the order-multiplicative transformation
consistency and the number-multiplication transforma-

tion order-satisfaction are satisfied.

Therefore, the

grey incidence degree satisfies the parallelism and
consistency.

Appendix B

The index system of the patent R&D efficiency can be
calculated as shown in Table B.1. Also, the hierarchical
clustering distance matrix between any two regions can
be determined using the designed method in this paper,
as shown in Table B.2.



383

28 (2021) 371-385

ial Engineering

Industr

Y. Liu et al./Scientia Iranica, Transactions E

000°T ury
66,70 000°T suiy
GL8'0 %80 000'T surd)
L%8°0 6%8°0 Z06°0 000°T Suorp
182°0 86L°0 LE]'0 L1870 000°T ueyg
128°0 92870 T06°0 9670 S18°0 000°T uery,
T18°0 828°0 L88'0 6£6°0 9180 0S6°0 000°T uerd)
%8L°0 ¥8L°0 198°0 G980 L88°0 #98°0 £8'0 000°T ueny)
$6L°0 618°0 5980 ¥¥8°0 168°0 £78°0 0$8°0 188°0 000'T nx
098°0 898°0 ZE6'0 68870 ££8°0 668°0 G68'0 S48°0 €98'0 000'T Suord
P18°0 TE8°0 T68°0 006°0 0¥8°0 LT6°0 ST6°0 968°0 6.8°0 T06°0 000°T mH
€L9°0 099°0 L19°0 809°0 699°0 £09°0 £09°0 099°0 LS9°0 €£19°0 819°0 000°T onx
L€8°0 L¥8°0 L06°0 £88°0 £68°0 068°0 068°0 L06°0 016°0 016°0 T6°0 S¥9°0 000°T suery
G8L°0 0080 6£8°0 T&8°0 0S6°0 8T8°0 T&8'0 068°0 916°0 LER'D €980 L9Y°0 006°0 000'T el
£18°0 TZ8°0 L88°'0 %L8°0 9L8'0 ¥88°0 888°0 £Z6°0 0T16°0 ¥68°0 616°0 8€9°0 L¥6°0 ¥88°0 000°T nx
%890 969°0 F¥L°0 T¥L°0 96L°0 GEL'0 SEL'0 8080 662°0 6£L°0 GGL'0 LLL'O L8L°0 G180 ¥8.°0 000°T n
0%8°0 098°0 9T6°0 13670 6780 SE6°0 8G6°0 G06°0 8L8°0 9%6°0 9£6°0 £29°0 T€6°0 980 63670 G9L°0 000°T uen)
1920 $LL°0 €8°0 0G8'0 SS8°0 €280 0€8°0 ¥¥8'0 €88°0 0780 LE8'0 80L0 088'0 L8'0 0L8°0 &S8°0 &S¢8°0 000°T uty
9LL°0 88L°0 0S8°0 T98°0 GS8°0 6S8°0 &98°0 ZEG'0 L9I8'0 6S8°0 &06°0 §S9°0 T06'0 6S8°0 G060 L0880 L06°0 0Z8°0 000°T wep
¥L9°0 ©L9°0 92470 ©&L'0 €9L°0 LTL°0 T8L°0 GLL'0 LLL'0 STL0 9€L°0 $EL°0 ©9L°0 18L°0 T9L°0 8980 €¥L°0 L&80 L8L'0 000°T ayz
LGS0 €79°0 66970 £69°0 8970 98S°0 06S°0 TEY'0 TEY'0 06S°0 L6S°0 80L°0 619°0 299°0 9T9°0 GTL°0 S09°0 $99°0 §29°0 £FL°0 000°T ng
009°0 66G°0 S9°0 8G9°0 8%L°0 LS9°0 T99°0 €€L°0 80L°0 ¥S9°0 €L9°0 T¥9°0 869°0 ¥¥L°0 €0L°0 T€L°0 929°0 TEL'0 &TL°0 ¥9L°0 ¥0L°0 000°T ny
09870 980 €16°0 ¥68°0 988°0 L88°0 ¢68°0 888°0 S06°0 906°0 906°0 9€9°0 S¥6°0 16870 €26°0 8LL7°0 S¢6°0 9870 L88°0 9270 €90 €69°0 000°T oY
0%8°0 T98°0 80670 S68°0 698°0 ¥68°0 G88°0 6€8°0 10670 968°0 1880 1S90 006°0 08870 9280 &6L°0 60670 LL8 0 6€8°0 G970 8290 989°0 0G6°0 000'T o
THL°0 094°0 96L°0 L6L°0 G98°0 Z6L°0 T08'0 FE8°0 TS8°0 £6L°0 £I8°0 969°0 098°0 998°0 8E8'0 638°0 &T8'0 668°0 0T8'0 6380 LL9'0 €GL°0 £8°0 0¢8°0 000°T oery
68270 ¥6L°0 6¥8°0 LES'0 €8L°0 TER'0 9T8°0 €9L°0 £T8°0 6£8°0 9080 1G9°0 TI8'0 06L°0 €6L°0 LGL0 LE8'0 6¥8°0 €970 96L°0 6S9°0 689°0 928°0 L98°0 T¥8°0 000'T 1oN
99870 €98°0 92670 G670 £98°0 $26°0 806°0 088°0 LL8°0 T&6°0 616°0 ¥29°0 €56°0 998°0 11670 19270 ¥¥6°0 S¥8°0 6480 T¥L°0 L09°0 5L9°0 9€6°0 $36°0 0G8°0 9¥8°0 000°T urf
2870 980 T16°0 L88°0 $.8°0 ¥06°0 T06°0 LL80 8680 FI6°0 11670 ¥€9°0 9¥6°0 6,870 826°0 &LL°0 0¥6°0 89870 8L8°0 0SL°0 0T9°0 $89°0 TS6°0 8160 8€8°0 9280 9€6°0 000'T i
L99°0 GL9°0 STL°0 GEL°0 86L°0 TEL'0 6EL°0 €6L°0 T6L°0 €TL0 9SL°0 L0970 G8L°0 0T8°0 06L°0 0FL°0 GGL°0 908°0 T9L'0 99L°0 $S9°0 GF8°0 LLL'0 T9L'0 T€8°0 €GL°0 6%L°0 L9L°0 000°T urp

ZPS'0 92S°0 88S°0 Z6S'0 €79°0 T6S'0 L8S'0 SF9°0 €29°0 88S°0 009°0 S8S°0 9T9°0 ¥F9°0 T29'0 $0L°0 009°0 ZS9°0 8€9°0 T69°0 009°0 0LL°0 0TY°0 0T9°0 8¢9°0 €29°0 009°0 L09°0 ¥¥L'0 000°'T Surr

ury SuN Surp Suo weyg wery, wrp) uwenyp nx Suowy mp eng Swery F N NI Uep UWIN Uep\ oYz ng N{  WH If oer] N wp ip  up Swp

“Kousmdige ((23y) yuewdopas( pue [oIeesay juajed Jo WoYsAs XoPpUI o) Iopun XLIYew 92139p 90uapIdul 100[qo £o15) *1*g S[qRT,



: Industrial Engineering 28 (2021) 371-385

Y. Liu et al./Scientia Iranica, Transactions E

384

00070

TG2°0 00070

€¥T0 ¥¥1°0 00070

60¢°0 902°0 801°0 00070

T82°0 €92°0 ¥61°0 ¥&<'0 000°0

81¢'0 TTZ°0 OTT'0 6€0°0 4220 000°0

€€2°0 L0270 8ZT'0 §90°0 ¢2Z'0 £€50°0 000°0

8L¢°0 GLC°0 GLT°0 69170 LCT'0 TLT°0 €21°0

66270 12Z°0 09T°0 98T°0 €CT°0 98T°0 LLT°0

9LT'0 TST°0 €40°0 92170 0020 €TT°0 1210

6¢2°0 ¥02°0 22T1°0 TTT°0 06T°0 060°0 €60°0

YPL0 98L°0 TZ9°0 9%9°0 ¥6¥%°0 L9970 65970

G6T°0 08T°0 €0T°0 CET'0 OCT'0 #&T°0 ¥CT1°0

€L2°0 192°0 261°0 LT2°0 €S0°0 €22°0 LT12°0

0€2°0 61270 8ZT'0 LVYT°0 C¥T°0 TET'0 92T°0

L9¥°0 LEV'0 €7E°0 09€°0 99T°0 L9€70 T9€°0

T6T°0 LLT°0 26070 98070 LLT°0 0L0°0 820°0

¥1€'0 ¢62°0 ¥12°0 0220 0LT°0 STC°0 S02°0

68¢°0 0L2°0 94170 €91°0 691°0 #9170 19170

€8%°0 6870 8LE°0 98€°0 OTE0 ¥6€°0 98€°0

96L°0 T¥8°0 69970 989°0 61490 90470 969°0

L9970 04970 €€9°0 TZS'0 9€€°0 €29°0 TS0

LLT°0 T9T°0 §60°0 6T1°0 62170 8C1°0 1C1°0

06170 TOT'0 TOT'0 8TT'0 0GT°0 6TT°0 0ET°0

0G€°0 ¥€€'0 99270 ¥92°0 09170 €92°0 6¥2°0

L9270 69270 8LT°0 96T°0 LLZ°0 ¥0Z'0 92270

89170 6G1°0 08070 980°0 €L1°0 T80°0 TOT°0

88170 09T°0 L6070 L&T°0 ¥¥#1°0 90T°0 OTT°0

00670 T8%'0 08€°0 09€°0 ¥92°0 99€°0 €9€°0

G¥8°0 T06°0 66970 0690 ¥SS°0 069°0 20L°0

00070

9€T°0

69T°0

9110

8€4°0

2010

ve1o

€80°0

8€C°0

80T°0

a8T1°0

€L0°0

06270

<8970

79€°0

Gz1°0

¢61°0

661°0

0TEe0

LET0

0v1°0

192°0

090

000°0

1910

LET'O

[44N]

860°0

260°0

860°0

162°0

ovT'0

€E€T°0

Y4170

L8270

<8970

aIvo

G01°0

60170

GLT°0

T€2°0

0v1°0

¥IT0

¥92°0

70970

000°0

011’0

c€9°0

660°0

9610

61T°0

€9€°0

080°0

612°0

¥91°0

66€°0

969°0

62970

¥01°0

9T1°0

192°0

T6T°0

¥80°0

¥60°0

08€°0

c0L°0

00070

L19°0 000°0
960°0 T¢S°0 00070
CLT'0 88%°0 TIT°0
880°0 L9870 950°0
6C€°0 L8T'0 TLZO
69070 ¥09°0 ¥.0°0
¥6T°0 €T7°0 9€T°0
80170 L2S°0 OTT°0
8GE'0 08€°0 CTE0
949°0 ¢1¥°0 ST19°0
98¥%'0 09G°0 ZE¥'0
€01°0 €L9°0 65070
GET'0 €S0 TTITO
0€2°0 LEV'0 94T°0
0¥2'0 9€S°0 ¥€T'0
880°0 ¢09°0 ¥80°0
L6070 LLG°0 LS0°0
¢Te0 8¥9°0 ¥LT'0

999°0 60470 ¥29°0

000°0

TET'0 000°0

¢E€C'0 94270 000°0

0LT°0 94070 €T€°0 000°0

Lv1°0 6%1°0 ¥21°0 ¥L1°0 00070

¥91°0 S0T°0 6€°0 €01°0 61270 000°0

T82°0 GT€°0 99170 L¥E€'0 60270 02L2°0 000°0

TTS°0 €290 S0%°0 €99°0 ¥0S°0 009°0 S¥€°0 000°0

E€VE°0 €27°0 89€°0 64770 L9€"0 ¥O¥'0 60€°0 TZ¥'0 00070

€¢1°0 €80°0 98¢°0 T80°0 LST1°0 LTT'0 €1€°0 T09°0 ¥¥¥°0 000°0

LET0 C¥T'0 €92°0 00T'0 TPT°0 C6T°0 LOE'0 T6S°0 85%°0 L80°0 000°0

GGT°0 ¥61°0 90270 L12°0 €TT1°0 022’0 L0Z°0 8L4%'0 92E°0 €L1°0 LLT'0 000°0

99270 T92°0 TZ€°0 602°0 LLT0 TT€'0 LSC°0 LTG'0 2S¥°0 TTZ'0 €ST°0 68170 000°0
89170 L60°0 ¥1€°0 09070 €81°0 LET'0 0S€°0 9¥9°0 88¥%°0 890°0 180°0 0CZ 0 ¢8T'0 00070

8€T°0 LL0°0 96270 €90°0 TST°0 6ET'0 €E€°0 0¥9°0 09%°0 TS0'0 680°0 €6T°0 TTZ'0 690°0 000°0

G€C'0 99270 T9€°0 ¥2E'0 TPC'0 €T€°0 S0€°0 6C9°0 ¥8T°0 88Z'0 ¥IE'0 £€02°0 ¥2€'0 9€€°0 ¥0E'0 000°0

€9G6°0 TT9°0 0Z¥°0 L9970 €€S°0 L9S°0 8%F°0 999°0 86Z°0 0¥9°0 6€9°0 TS0 90970 99970 L¥9°0 ¥¥E°0 0000

urx

suiy
sury
Suorp
ueqys
wery,
werg)
Eﬁzr—o
A
3uord)
md
onx

Suery

nq
ﬂ:wo
wN
:ﬂw\s.
SLV/
ng
ng

°H

oery
TN
urp
T
urp

Surp

ury Suiy 8Suiy) Suoq ueyg uelr], uiy) ueny) nx SISuold) my

anx Suery o

nx M uen U uwp ovZ

ns

nH

°H

T

r

oery

BN

uarr

T

r

uip  Sulp

.\moﬁwmoﬂww Agwwmv meEQO~m>®Q pue ygodreasay PQ@P@Q Jo Emww\mm Xopurl o7} Ispun XIIjeUI 25URI)SIP MQMHQPWSMU TedstydreIsTy g °d 2[qel



Y. Liu et al./Scientia Iranica, Transactions E: Industrial Engineering 28 (2021) 371-385 385

Biographies

Yong Liu was born in 1985, and obtained his BS,
MS, and PhD degrees in Mechanical Engineering,
and System Engineering and Management Science
and Engineering from NUAA. Currently, he serves
the School of Business at Jiangnan University. He
has published over 30 research papers, and is mainly
engaged in conflict analysis, soft computing, and grey
system.

Jun-liang Du was born in 1994, and obtained his

BS degree from the School of Business at Jiangnan
University, where he is currently a graduate student.
He is mainly engaged in the research of conflict analysis
and grey systems.

Jiao Li was born in 1994. She obtained her BS
degree in Logistics Management from Yangtze Univer-
sity and is currently a graduate student at the School
of Business in Jiangnan University. She is mainly
engaged in the research of conflict coordination and
incentive mechanism of supply chain channels and grey
systems.





