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Abstract. Technological innovation has become the main driving force for eco-
nomic and social development, and also the focus of competition between coun-
tries or enterprises. This paper uses the propensity score matching method (PSM)
in causal reasoning to study and analyze the impact of cross domain fusion of
patent knowledge and technology on changes in patent value. Specifically, this
paper selects patent data from the "Chemistry and Metallurgy" field of the China
Intellectual Property Office from 2011 to 2020, and analyzes the frequency of
patent citation as a substitute variable for the value of patent technology. The
experimental results indicate that cross domain fusion of patent technology has a
significant positive effect on improving patent value and is a related factor in
increasing the frequency of patent citations; And the processing effect of multi
domain fusion is significantly better than that of dual domain fusion. Therefore,
cross domain integration of technology can increase the frequency of patent cita-
tions and ultimately enhance patent value. Our research can capture the causal
relationship between the cross domain phenomenon of patent technology and the
frequency of patent citations, and provide corresponding suggestions for promot-
ing knowledge innovation.

Keywords: Patented technology; Cross disciplinary; Propensity score matching;
Knowledge fusion

Introduction

Background and purpose

In the context of knowledge economy and economic globalization, intellectual property
has become a strategic resource to enhance the economy and the core element to en-
hance the international competitiveness [1]. Whoever owns more patents, especially
more high-quality patents, can gain more share in the market and gain more advantages
and initiative in the competition. Under this background, it is particularly important to
study and analyze the influencing factors of patent value, which directly affects the

improvement of the quality of knowledge results.
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In the research and analysis of patents, Narin and Harhoff believe that a patent with
a high degree of technological innovation tends to be frequently cited by subsequent
technologies and its citation frequency is higher [2]-[3]. Y Yoshikane et al. believe that
the patent citation frequency can be used to reflect the importance of its own technol-
ogy[4]; Xiao Guohua and others pointed out that institutions with high cited patents are
superior to their competitors or peers[5]; In addition, some studies also agree that the
patent citation frequency as an index to evaluate the patent quality[6]. Therefore, this
paper uses the citation frequency of the patent as the surrogate variable of the patent
value. The more frequently a patent is cited, the higher its technical value and the more
it can promote the transformation of patented knowledge achievements.

Subject integration has gradually become the mainstream of technological innova-
tion. As the core of intellectual property, patent is difficult to play a higher technical
value if it is supported by knowledge in a single field. On the contrary, when Montresor
and other scholars studied green technology, they found that the "hybrid" and correla-
tion reorganization of green and non-green knowledge technology seemed to "obtain
new ecological solutions for the region better than the" pure " green technology[7].
Therefore, this paper on cross-field patent integration can effectively realize the inter-
section of subject knowledge, make the more influential patents tend to be frequently
cited by subsequent technologies.

1.2 Literature review

In the study of the cross-domain phenomena of patents or papers, Chen Shiji and Qiu
Junping Using scientific measurement measures, typical integration indicators (Rao-
Stirling Index (RS) and Leinster-Cobbold Diversity Index (LCDiv)) to examine the dif-
ferences between subjects of all papers published in Web of Science, the results show
that, Highly cited papers always show high subject diversity and great disparity [8];
Steele and Stier found through least squares regression analysis that papers with higher
interdisciplinary relevance have higher impact[9]; The study by F.Yoshikane et al is
based on the Japanese patent literature published in 1998, The results show that the
diversity of Japanese patent citation classification is significantly positively correlated
with its citation frequency[4]. It can be seen that most scholars study the impact of
interdisciplinary on the value of journal articles, only a few scholars are involved in the
field of patents. Also, their empirical studies are less and their conclusions are incon-
sistent. Thus, more empirical researches are needed.

This may be due to different methods and data used, but the biggest reason should
be the presence of external factors that affect the experiment. To reduce the error caused
by external factors, this paper intends to take patent data from Chinese invention appli-
cations as an example, and use the propensity score matching method (PSM) in causal
inference to give the probability of the patent receiving cross-domain treatment under
the condition that the control confounding factors are similar, that is, the propensity
score, and then the treatment group and the control group are matched to achieve the
purpose of controlling confounding bias. At this point, if there is a difference in out-
comes between the treatment and control groups, the difference can be attributed en-
tirely to the impact of cross-domain integration.
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2 Data and model

2.1 Sample data

We used simple random sampling to select sample data from the population data with
a final sample size of 223,522. Based to the convergence of the patented technology,
we designed two sets of PSM experiments (Table 1).

Table 1. Sample overview of five PSM trials

Trails Group Classification Number of
patents
Treated Patents for cross domain technology integration 85878
PSM1  Untreated Patents for non cross domain integration of 137644
technology
Treated Patents for technology integration across multi- 7431
ple fields
PSM 2

Untreated  Patents for cross domain integration of technol-
ogy

The variables used in this study include processing variables, outcome variables, and

covariates (Table 2). For covariates, we selected quantitative factors that affect the fre-

quency of patent citations from published research literature as the majority of covari-

ates, while adding two latent variables obtained from the dimensionality reduction of

patent applicant feature variables. Suitable covariates can greatly improve the fit and
interpretation rate of the model [10].

78447

Table 2. Covariate set

Variable Meaning Max Min Mean Sd
Number of Number of requests for protec-
. . . 1 84 8.24 33.725
claims(X1) tion of patent rights
Patent title num- .
Number of patent title words 0 134 18.23 47.302
ber(X2)
Document Number of pages of application
1 300 11.99 211.175
pages(X3) documents
Length of patent Time from publication of pa-
. 2 11 6.12 6.811
publication(X4) tents to present
Number of inven- . .
Number of patented inventions 1 42 3.93 7.307
tors(X5)
Number of cita- . .
. Number of cited applied patents 0 25 3.71 7.876
tions(X6)
Number of Number of patents in the same
. . 225 2.67 19.135
patent families(X7) family
Latent Variable Common factor 1 -0.35674  10.97358  0.0009065  1.005

(FACI and FAC2) Common factor 2 -0.56542 2.53456  -0.0037135  0.993
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The selected set of covariates was then assessed for multicollinearity. The results are
shown in Table 3. Therefore, it can be considered that the collinearity of variables can

be ignored.

Table 3. Multicollinearity diagnosis of covariates

Select matching method
1.3: Determine Covariate
Set, the confounding
factors that affect
outcome variables

Di Con- Variance ratio
i-
Eigen-  dition
men- Lo FA FA
X value indi- X1 X2 X3 X4 X5 X6 X7
sion C1 C2
cators
1 5.844 1.000 0.01 0.01 0.00 0.00 0.01 001 001 0.00 0.00
2 1.031 2.381 0.00 0.01 0.00 0.00 001 0.00 0.03 0.80 0.02
3 1.014 2.401 0.00 0.00 0.00 0.00 000 0.00 0.00 0.01 0.88
4 0.842 2.635 0.01 0.09 0.01 001 002 003 021 0.14 0.01
5 0.347 4.107 0.00 0.14 0.01 0.01 006 061 0.18 0.01 0.01
6 0.332 4195 0.02 037 0.09 000 000 0.17 036 0.00 0.00
7 0.245 4880 0.04 0.01 0.08 001 079 000 0.11 0.02 0.05
8 0.184 5633 080 038 0.06 0.00 0.01 005 001 0.00 0.00
9 0.126 6.819 0.06 0.00 028 060 008 0.03 0.06 0.00 0.00
1.55 1.62 1.09 1.06 1.12 1.05 1.54 1.04 1.06
VIF
9 0 1 9 2 0 2 2 3
0.64 0.61 0.91 0.93 0.89 0.95 0.64 0.96 0.94
1/VIF
1 7 6 6 2 2 8 0 1
22 PSM
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Fig. 1. Steps of propensity score matching method

The algorithm steps of the propensity score matching method (PSM) used in this parper
are shown in Fig. 1, which can be roughly divided into four steps.
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3 Empirical analysis

By performing one-on-one K-nearest neighbor propensity score matching on the sam-
ples of the clustered processing group and the control group. The results are shown in
Table 4. This indicates that cross domain integration of technology can increase the
average citation frequency of patents by 0.2642 times; The integration of technology
across multiple fields can increase the average citation frequency of patents by 0.5019
times, and the results are all significant at the 1% level.

Table 4. Estimated results

ATT

. Matching
Trails Un- .
method Treated Difference S.E. T-stat
treated

K-nearest

neighbor

PSM 1 4.7294 4.4652 0.2642 3% 0.0312 8.48

matching
(K=1)
K-nearest

neighbor

PSM 2 4.9857 4.4839 0.5019s%: 0.0944 5.32

matching
(K=1)
Results of the balance tests are shown in Table S and Fig. 2. Matching can effec-
tively balance the two sets of sample data, significantly reduce the standardized devia-
tion of variables, and make the distribution as close as possible.

Table 5. Balance test results

Before matching After matching
varia- Un- Un- %bias
ble Treated treated Yo t Treated treated % t (reduct)
(mean) Bias (mean) Bias
(mean) (mean)
X1 9.1581 7.667 25.1 59.51 9.1573 9.2076 -0.8 -1.52 96.6
X2 19.257 17.584 24.1 56.34 19.257 19.627 -5.3 -10.32 77.9
X3 15.036 10.082 323 79.49 15.027 14.299 4.8 7.94 85.3
X4 5.9868 6.2067 -8.4 -19.39 5.9688 5.8775 42 8.61 50.4
X5 4.0516 3.8552 7.3 16.72 4.0516 4.0431 0.3 0.65 95.7
X6 3.916 3.5776 12.0 27.78 3.9161 4.0016 -3.0 -6.03 74.7
X7 3.3169 2.2739 22.8 55.21 3.3127 3.2316 1.8 3.14 922
FAC1 0.03327 -0.01929 52 12.06 0.03329 0.05715 24 -4.63 54.6

FAC2 -0.04434 -0.03369 7.8 18.02  0.04432 0.05379 -0.9 -1.91 87.9
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before matching

after matching
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Fig. 2. Kernel density function before and after PSM 1 matching

The other five propensity score matching methods were used to test the robustness of
the estimated results of the two groups (Table 6). The results were similar to those of
one-to-one K-nearest neighbor matching, and all passed the t-test. The estimated results
were significant.

Table 6. Results of the other five matching methods

Trai ATT
s Matching method Treated Un- Differ- S.E. Tostat
treated ence

PSM  K-nearest neighbor matching 0.2513«  0.02

1 (K=4) 4.7294 4.4781 . 67 9.43
Radius matching (cal = 0.01) 4.7294 4.5078 0'23:7* 0"&2 9.03
Local linear regression match- 47294 44669 0.2625%  0.03 8.42
ing ok 12
Markov matching (K=4) 4.7299 4.5422 0. 1*838* 04'82 7.59
Nuclear density matching 4.7294 4.5185 0'2’:39* 04(‘)‘2 8.66

PSM  K-nearest neighbor matching 0.4825%  0.07

2 (K=4) 4.9857 4.5032 e 94 6.08
Radius matching (cal = 0.01) 49857 45148 41O 0;;7 6.52
Local linear regression match- 4.9857 45513 0.4344%  0.09 4.60
mng Hk 44
Markov matching (K=4) 4.9845 4.5507 0'4338* Oécsﬁ 5.90
Nuclear density matching 4.9857 4.6203 0'3*635* 02%7 5.07

4 Conclusions

This paper studies the impact of patent technology's cross domain situation on patent
value from the perspective of the classification number and causal relationship of patent
technology itself. Specifically, we have found that: (1) patents with technology cross
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domain integration are more likely to receive more citations than patents with non tech-
nology cross domain integration, which can more promote the increase in patent value.
This is mainly because interdisciplinary integration can better promote patent innova-
tion and empower technological innovation. (2) Among patents with the phenomenon
of technology cross domain integration, patents with technology cross domain integra-
tion are cited more frequently than patents with technology cross single domain inte-
gration.

From the above empirical results, it can be seen that the cross disciplinary situation
and quantity of patented technology can serve as factors affecting the positive increase
in patent citation frequency, and can predict the technical value and importance of
knowledge achievements of a certain patent when combined with other factors.

Due to the limitations of the experimental samples in terms of country, field, and
time, the research conclusions drawn in this paper do not yet have universality, and
further research is needed to determine whether it can be extended to other fields.
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source, provide a link to the Creative Commons license and indicate if changes were made.
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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.
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