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Abstract 

The quality of patent information is a key element in explaining the effectiveness of patent 

systems. Patent notice failure is likely to slow down technology diffusion, be the source of 

innumerable patent disputes, and facilitate patent trolling and anti-commons situations. 

Theoretical literature has shown that the quality of patent information depends on the nature of 

the technology, the structure of patent databases and the structure of the patent document. 

However, to our knowledge, no analysis of these determinants has been carried out empirically. 

In this article, we investigate the link between patent document structure, and in particular the 

length of claims and technical description, and the quality of patent information, which we 

approximate by the number of citations received (forward citations). By analyzing 765,290 

Chinese patents over the period 2005-2012, we put forward an inverted-U relationship between 

independent claim length and technical specification length and the quality of patent 

information. Furthermore, the results show that this inverted-U relationship is moderated by the 

number of dependent claims and the number of citations to prior art literature. These results 

have important implications for the policy and management of patent systems. 

 

Keywords: patent information quality, notice failure, notice externality, patent citations, patent 

claims, patent trolls. 
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1. Introduction 

 

How to justify the existence of patent system? The usual economic argument, often 

referred to as the second-best theory of patents (Arrow, 1962; Nordhaus, 1969; Encaoua 

et al., 2006), put forward the incentives and knowledge dissemination properties of 

patents. Yet, this view, which has the merit of consistency and simplicity, is increasingly 

challenged (Kingston, 2001; Bessen and Meurer, 2008; Boldrin and Levine, 2008; 

Hilaire-Pérez et al., 2013), in particular because it lacks empirical support (Levin et al., 

1987; Cohen et al., 2000; Sakakibara and Branstetter, 2001; Arundel, 2001). 

Interestingly, this lack of support is robust across countries and time period and 

according to the different methodologies used, such as a questionnaire-based inquiry 

(Mansfield, 1986; Levin et al., 1987; Cohen et al., 2000), natural experiments 

(Sakakibara and Branstetter, 2001; Lerner, 2002), or, more recently, lab experiments 

(Meloso et al., 2009). 

 

Departing from the second-best approach, it has recently been argued that patents can 

promote open innovation by stimulating inter-firm collaborations and markets for 

technology (Arora et al., 2001; Chesbrough, 2003; West, 2006; Alexy et al., 2009; 

Hagedoorn and Ridder, 2012; Hagedoorn and Zobel, 2015; De Rassenfosse et al., 2016; 

Zobel et al., 2016). This is so because patents do contribute to diffuse knowledge and 

act therefore as a signal to potential partners (Hoenig and Henkel, 2015; Hottenrott et 

al., 2016; Baruffaldi and Simeth, 2020). But also, because patents secure a property 

right which might help the coordination between actors of the innovation process. The 

argument here is that “good fences make good neighbors” (Pénin and Neicu, 2018), 

suggesting that by protecting innovative actors from free-riding and other risks, patents 

reduce the costs and dangers of open innovation. However, if this argument is 

theoretically appealing, empirical evidence that patents do indeed perform as property 

(Bessen, 2008), i.e. do provide good fences, is lacking. 
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The issue of patent information quality (PIQ in the following) lies at the core of this 

question since the quality of a fence is mostly a question of information: information 

about who is the owner, what exactly is protected and what is not, etc. If the information 

about a property right is fuzzy, if ownership is uncertain and neighbors do not agree on 

what is each actor own property, then neighborhood relations are likely to be damaged. 

It is therefore critical to focus on the quality of the information delivered by the patent 

system in order to understand better the role that patent can play in open innovation 

settings. 

 

Following Menell and Meurer (2013) and Pénin and Neicu (2018) we define patent 

information as all the information related to patents that users (firms, but also public 

organizations, individuals, etc.) need in order to take strategic decisions. This 

information can be about the description of the technology, the perimeter of protection, 

the stakeholders, but also the relations with other patents, past literature, etc. Patent 

information is of good quality and patents provide good fences when users can find the 

information that they need at a reasonable cost. In other words, good patent information 

enables users to identify technological neighbors. It is critical for strategic planning in 

order to identify new partners, new technological avenues or new threats, but also, and 

above all, for performing freedom to operate analyses (Pénin and Neicu, 2018)1. On the 

other hand, when patent information quality is poor, users might not be able to identify 

the patent that they need or to understand with certainty what is and what is not 

                                                             
1 This question about the quality of patent information is distinct, even if not entirely independent, from 

the question of the quality of patents as it is usually discussed in the literature (Hall and Harhoff, 2004; 

Graf, 2007; Guerrini, 2013; Lanjouw and Schankerman, 2004; Squicciarini et al., 2013). In this literature, 

a patent is considered low quality when it should not have been delivered, i.e. it does not fulfill the 

minimum deliverance criteria, in particular novelty and inventive steps. Low-quality patents are therefore 

related to the fact that patent offices make mistakes and deliver patents which should not be granted 

(because they are not new or because the inventive step is low). This is thus different from the issue of 

the quality of patent information. It is indeed possible that low-quality patents have good informational 

properties in the sense that, even if they should not have been delivered, they are easy to identify and to 

understand. On the contrary, it is also possible that good patents have bad informational properties 

because they are difficult to identify, or their perimeter of protection is difficult to understand. 
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protected by a patent. Bad patent information is also referred to as patent notice failure 

or notice externality (Menell and Meurer, 2013). 

 

PIQ has major implications with regard to the efficiency of the innovation process. Bad 

PIQ is often considered as a major source of economic inefficiency. It directly damages 

access to past knowledge, thus slowing-down technology diffusion (Bessen, 2005; 

Ouellette, 2011; Baruffaldi and Simeth, 2020) and hampering cumulative innovation 

(Furman et al., 2021). Ashtor (2022) finds in particular that patent clarity is significantly 

related to cumulative innovation. Second, bad PIQ increases transaction costs, thus 

making markets for technology less efficient (Arora and Gambardella, 2010; Pénin, 

2012; Menell and Meurer, 2013). Third, bad PIQ increases the cost of freedom to 

operate analysis and decrease their rate of success, thus triggering countless wasteful 

patent litigations. In the same line, since they lower the efficiency of freedom to operate 

analysis, bad PIQ is a direct cause of hold-up (Lemley and Shapiro, 2006; Farrell et al., 

2007; Shapiro, 2010; Guichardaz and Pénin, 2021), thus facilitating the patent trolls 

phenomena, which was prohibitively costly for the US economy in the last two decades 

(Bessen et al., 2011; US White House patent report, 2013). Last, bad PIQ also makes 

anti-commons situations much more problematic (Heller and Eisenberg, 1998; Murray 

and Stern, 2007; David, 2011; Von Graevenitz et al., 2011; 2012). 

 

Even though PIQ might have very important economic consequences, surprisingly, very 

few studies have focused on its determinants. A recent literature in law and economics 

underlines the importance of the nature of the knowledge base and of patent institutions 

(the structure of patent databases or the patent document itself) (Scott, 2010; Chakroun, 

2012; 2020). Indeed, bad PIQ might be related to the proliferation of patents, making it 

critical to have ordered and indexed patent databases that facilitate the search of 

relevant patents. Absent such ordered databases it might be very difficult and costly for 

users to access relevant information for their strategic decisions. Similarly, bad PIQ can 

be related to vague bounderies, i.e. to the way patents are drafted, thus referring directly 
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to the structure of patent documents. Yet, to the best of our knowledge, empirical 

support is lacking. 

 

The objective of this paper is therefore to provide first empirical insights with regard to 

the determinants of patent notice failure in China. It is relevant to study the Chinese 

case because there are several reasons to believe that the quality of patent information 

in this country is a matter of concern. Unlike in the United States and Europe, China's 

patent law does not make it mandatory for applicants to disclose technical information. 

In addition, in China as in most other important patent offices, patent examiners are 

under considerable pressure due to their limited number in relation to the volume of 

filings in china. In China, there were 13,704 patent examiners in the end of 2020, for a 

total of 1,497,159 patent applications that year2.  

 

Our study specifically focuses on the relationship between the structure of the patent 

document and the quality of PIQ. We consider two variables related to patent documents: 

patent claims and patent technical description. Then, we look at the effect of these two 

variables on the diffusion of the patent that we measure by the number of forward 

citations. In other words, we approximate PIQ by the number of citations received by 

the patent, thus making the assumption that, ceteris paribus, the more a patent is cited, 

the better the quality of information about it (and reciprocally, the worst the quality of 

the information, ceteris paribus, the less cited the patent). By analyzing 765 290 

Chinese patents over the period 2005-2012, we put forward an inverted U-shape 

relationship between the length of independent claims and the length of technical 

specification and PIQ. Furthermore, the results show that this inverted U-shape 

relationship is moderated by the number of dependent claims and the number of 

citations to prior art literature. These findings have significant policy and management 

implications with regard to patent systems and patent examination process reforms in 

China and beyond. 

                                                             
2 Data from WIPO IP Statistics Data Center and China National Intellectual Property Statistical 

Bulletin of 2020. 
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The remaining of this paper is structured as follows. Section 2 discusses the 

determinants and economic implications of PIQ and proposes theoretical hypotheses. 

Section 3 presents the data and the empirical design. Section 4 displays the econometric 

results and some robustness checks. Finally, Section 5 discusses the results and 

concludes. 

 

2. Theoretical background and hypothesis  

 

2.1 The determinants of PIQ 

 

PIQ depends on the strategic behavior of patent applicants, who may sometimes have 

an interest in generating imperfect information in order to mislead competitors. Some 

companies may deliberately choose to blur patent information, to obscure the scope of 

their patent rights and to write very short, vague patents, or conversely, lengthy patents, 

in order to keep competitors in the dark (Menell and Meurer, 2013; Gorbatyuk and 

Kovács, 2022). These obfuscation strategies can indeed pay, as illustrated by the 

example of pre-emptive patents (Guellec et al., 2012). Linked to that point, recent 

research has showed how patent applicants can target lenient examiners (Barber IV and 

Diestre, 2022) and how these weaker patents can benefit Non-Practicing Entities (NPEs) 

(Feng and Jaravel, 2020). The quality of patent information can also be affected by 

political decisions. For example, in some countries that wish to encourage patenting, 

companies that file patents receive subsidies, which can encourage them to file a large 

number of patents that are not always well drafted and easy to understand. But, more 

fundamentally, PIQ is a function of 1) the nature and property of the knowledge base 

and 2) the institutions (the patent system, the structure of the patent document, the 

structure of patent databases, etc.). Indeed, the literature has identified three necessary 

conditions for ensuring the quality of PIQ (Chien, 2012; Menell and Meurer, 2013; 

Pénin and Neicu, 2018). Users of the patent system must be able to: 

- identify the patents they need (in order, for example, to find partners, carry out 
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freedom-to-operate analysis, etc.); 

- understand the patents they have identified, understand the scope of protection, 

etc.; 

- identify the rightful owners of a patent, i.e. the companies that are actually using 

the patent at a given time t. 

 

The fulfillment of these three conditions strongly depends on the inherent characteristic 

of the technology and knowledge base and on patent institutions. For instance, the 

characteristics of the knowledge base may alter the possibility of describing or indexing 

certain technologies. In particular, the tacit nature of knowledge makes it particularly 

difficult to explain. How can we describe the frontiers of something that is, by its very 

nature, very difficult to make explicit? Our language and words often lack the precision 

to define things. The speed of technological progress and the evolving nature of 

technologies make them even more difficult to describe. Sometimes words and 

concepts are lacking and must be invented to order to describe new technologies. The 

knowledge space is constantly expanding with the continuous introduction of new ideas 

and concepts. Yet, it is always more difficult to “map terra incognita” (Menell and 

Meurer, 2013). The same applies to the complex nature of certain technologies, which 

involve the combination of hundreds, sometimes thousands, of overlapping patents. 

This means that PIQ will not be the same across sectors. For example, in the 

pharmaceutical and chemical industries, where technologies tend to be more codified 

(where it can be described by mathematics) and discrete, PIQ will be better. Conversely, 

in ICTs, technology is more complex, with many more overlapping patents, and evolves 

more rapidly, which tends to damage PIQ. 

 

Patent institutions, such as patent offices and patent dispute resolution mechanisms, 

also affect the quality of PIQ. Menell and Meurer (2013), for instance, identify four 

points linked to the way patent institutions perform: Patent registry (how it is indexed, 

etc.), the existence of private institutions that publicize and clear patents (patent 
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brokers), the nature of dispute resolutions institutions (patent courts, etc.), and the 

existence of risk-spreading mechanisms (such as insurance mechanisms). For instance, 

good PIQ requires reliable and public patent databases, but also information systems 

and indexation systems (dispatching patents across technological classes, etc.). It also 

requires standardized and easy to understand patent documents. Information about 

patents must also be updated during the life of the patent. The importance of patent 

classification increases with the number of patents in the economy (Mulligan and Lee, 

2012). Indeed, in the absence of a reliable indexation system, companies have to 

consider all patents one by one. The greater the number of patents, the more costly this 

becomes. Institutions thus explain why PIQ differs from country to country. It also 

explains why the problems caused by poor PIQ seem to be more acute in the USA or 

China than in Europe (Menell and Meurer, 2013).  

 

To summarize, patent institutions should warrant the quality of patent information. Yet, 

in most countries today, existing patent institutions do not ensure a good level of PIQ. 

For instance, existing patent classifications do not exactly enable users to identify 

technology neighbors. In particular, if existing patent classifications are increasingly 

useful in enabling firms to take strategic decisions about the identification of potential 

partners or potential future technological avenues (based on patent databases, firms 

increasingly perform patent mapping and patent landscaping), they do not allow the 

identification of patent neighbors from a legal point of view. In other words, they are 

of little help in performing exhaustive freedom to operate analyses. Menell and Meurer 

(2013) draw an analogy with land ownership: in all developed countries there is a land 

registry that enables neighbors to be identified with certainty. But there is nothing 

comparable for patents. 

 

Similarly, with regard to patent documents and the way patents are drafted, patent 

boundaries provided by patent claims and patent technical description are often difficult 

to read and to understand, even by experts. This is largely due to the fact that, as already 
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mentioned above, words are often limited in order to exhaustively describe things. But, 

in addition, the nature of patent documents does not help. For instance, some patent 

documents are sometimes very short and vague or, on the contrary, unnecessarily long 

(Guellec and de La Potterie, 2007; Reilly, 2013; Chakroun, 2020). Some patent 

documents have hundreds of pages and dozens of claims. This is supposed to increase 

the precision of the patent by describing each part exhaustively but, in practice, it often 

increases confusion and uncertainty. The structure of the patent document is particularly 

important to avoid the risk of applicants seeking to generate noise, i.e. filing patents 

that are not very informative. In this case, imposing a standardized structure ensures a 

minimum of readability. 

 

Also related to the quality of classification systems and patent documents, important 

information about patent stakeholders is often not updated during the life of the patent 

title. While the applicant and initial owner of a patent are always made public, the same 

cannot be said of potential purchasers of the patent. There is no obligation to disclose 

any changes in the users of a patent (for example, when the patent is licensed or sold). 

More often than not, this strategic information is kept secret. Moreover, patent owners 

can use shell companies to conceal the actual user of a patent. In all cases, it can be 

very complicated to identify who is actually using a patent at a given point in time. This 

problem is known in the literature as the “who owns what” problem or “patent 

recordation failure” (Chien, 2012). 

 

The determinants of PIQ are therefore manifold. Some are inherent to the nature of 

knowledge or technology and, in that case, imperfections are difficult to correct. They 

can only be mitigated by appropriate institutions. However, on that point, public 

intervention can improve the functioning of institutions, therefore improving PIQ. In 

the following section we look specifically at the role of the patent document and, in 

particular, the size of patents and the scope of their claims. 
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2.2 Patent information quality, claims length and technical specification 

 

As far as technical information is concerned, a complete patent document that discloses 

information to the public includes: 1) a title and an abstract reflecting the subject matter 

of the invention; 2) one or more claims delineating the scope of the exclusive legal 

rights of the invention; 3) a written specification that describes technical content and 

solutions of the invention in detail and 4) bibliometric references of the state of the art 

including patent and non-patent literature (Marco et al., 2019). The purpose of patent 

disclosure is twofold: it is supposed to convey to the public the technical information 

encoded in the patent document so that subsequent inventors can innovate based on this 

information; and it is supposed to inform others about what is protected exactly by the 

patent, thus telling them what they can and cannot do (Lück et al., 2020). 

 

One of the most important part of the patent document, often considered as its core, is 

the one that displays the independent claims. This is the part which is expected to 

comprehensively reflect the technical solution proposed by the patent. It signals to 

others what is “claimed” by the patent owner, i.e. what is precisely his ownership that 

others cannot imitate without his permission. The number of claims can differ from one 

patent application to another. They can be limited to one or two or they can be very 

numerous. In the literature it is usually considered that the number of claims can be 

used as a proxy of the breadth of an invention. The more independent claims, the more 

the invention aims at covering many domains of application and therefore the broader 

its scope of protection (Li et al., 2018; Van Zeebroeck et al., 2009). But, precisely 

because it increases its breadth, independent claims can also increase the economic 

value of the patent for its owner (Lerner, 1994), which means that patent applicants can 

have incentives to increase the number of claims contained in their patent applications 

(Okada et al., 2018). 

 

With regard to the quality of patent information, the way claims are drafted is therefore 
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critical to ensure the readability of a patent. Some claims can be very precise while 

others remain vague and ambiguous. In addition, the number of claims can also 

contribute to improve or damage information conveyed by a patent. Up to a certain 

threshold, increasing the number of claims improves PIQ. Indeed, it is generally not 

very informative for others if claims are very short and description is limited. Therefore, 

it increases the quality of information to augment the number of claims in order to refine 

the scope of protection. It makes the patent more detailed and precise. However, on the 

other hand, too broad the scope of protection can also blur patent information and create 

unnecessary ambiguity (Allison and Mann, 2007; Schwartz and Kesan, 2013). 

Numerous claims can be a way for applicants to generate uncertainty about the scope 

of protection in order to mislead competitors. This is all the more likely if claims are 

vague and lack precision (Risch, 2007; Chiang, 2015; Chakroun, 2020). In other words, 

too many independent claims deteriorate PIQ. In terms of linguistic characteristics, a 

text that is too lengthy is typically indicative of verbosity. In the context of legal 

language, patent claims that are excessively lengthy often result in obscurity. 

Conversely, claims that are too brief or lack sufficient detail may not effectively 

delineate the scope of protection afforded by patent rights. Therefore, our first 

hypothesis: 

 

Hypothesis 1. There is an inverted U-shaped relationship between the 

number/length of independent claims contained in a patent and PIQ. 

 

The technical specification in the patent document comes to complement claims. 

Technical specification provides a formal description of the content of the invention. It 

can contain texts but also Tables, Formulas or Pictures (Marco et al., 2019). Patent law 

in most countries requires the technical specification to be very detailed and exhaustive 

since it stipulates that the description in the patent document must enable a person of 

ordinary skill in the relevant domain to reproduce the invention just by reading the 
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patent specification 3 . It therefore complements the claims because it offers more 

technical information and description, and in more details  which is another determining 

factor affecting PIQ (Chakroun, 2012). 

 

The readability of the specification and its understanding might often be limited by the 

vagueness and ambiguity of languages and words (Ashtor, 2022). Furthermore, as 

previously mentioned the length of the specification can affect the quality of the 

information conveyed by the patent document. Some patents can contain very short 

descriptions. In that case, increasing the length of the description enables to add more 

information and therefore improves PIQ. It goes without saying that complex 

inventions may require longer descriptions, details, and possibly even illustrations in 

order to be fully disclosed. However, an overly long specification may also be the result 

of an applicant deliberately hiding the true invention in a large application (Van 

Zeebroeck et al., 2009). Besides, in terms of readability of text, descriptions that are too 

long can only bring unnecessary redundancy and ambiguity and increase the likelihood 

of misunderstandings, so that increase the cost of understanding technical information. 

In other words, after a given threshold, increasing the length of the technical 

specification deteriorates the quality of patent information. Therefore, our second 

hypothesis: 

 

Hypothesis 2. There is an inverted U-shaped relationship between the length of 

the technical specification contained in a patent (measured in number of words 

or number of pages) and PIQ. 

 

 

 

                                                             
3 see Article 26, paragraph 3 of Chinese Patent Law stipulates that the specification shall provide a clear 

and complete description of the invention or utility model, whichever can be realized by a person skilled 

in the technical field. 
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2.3  The moderating effect of the number of dependent claims and the number of 

backward citations 

 

Beyond independent claims, in a patent application it is also important to consider 

dependent claims (Radack, 1995; Marco et al., 2019). Dependent claims are contained 

into independent claims, i.e. typically they do not exceed the scope of protection 

defined by the independent claims. Instead, they further specify the cited independent 

claims by adding additional technical features, thereby clarifying the scope of 

protection of the independent claims4. To add dependent claims to an independent claim 

is therefore expected to improve PIQ. It can make the scope of the independent claims 

clearer, and therefore help others to better understand them. In other words, dependent 

patent claims have the potential to moderate the relationship between independent 

claims and PIQ.  

 

However, we believe this moderating effect to be asymmetric. On the one hand, when 

a patent application contains a limited number of independent claims, the addition of 

dependent claims can contribute to the refinement and restriction of the independent 

claims by incorporating additional technical features, which is beneficial to PIQ. On 

the other hand, when a patent application already contains a big number of independent 

claims, adding dependent claims can be considered as a further way to blur information 

and to damage PIQ. Indeed, when an application already contains many independent 

claims, adding further technical specifications might reduce the readability of the patent 

by increasing ambiguity and redundancy, both of which are detrimental to PIQ. 

Therefore, our third hypothesis:  

 

Hypothesis 3. The number/length of dependent claims positively moderates the 

inverted U-shaped relationship between independent claims and PIQ. When the 

number/length of independent claims is low (before the inflection point of the 

                                                             
4 See Article 20 of Chinese "Rules for the Implementation of the Patent Law". 
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inverse U-shaped curve), the addition of dependent claims improves PIQ. But 

when the number/length of independent claims is high, the addition of 

dependent claims further damages PIQ. 

 

Put it otherwise, hypothesis 3 states that when the number or length of independent 

claims is limited, adding more dependent claims strengthen the already positive 

relationship between independent claims and PIQ. And when the number or length of 

independent claims is beyond the turning point of the inverse U-shaped curve, adding 

more dependent claims strengthen the already negative relationship between 

independent claims and PIQ. In this respect we can say that it positively moderates the 

inverted U-shaped relationship between independent claim and PIQ. Graphically, that 

means that dependent claims make the inverse U-shaped curve steeper. 

 

As in the case of dependent and independent claims, citations to prior art literature can 

moderate the inverse U-shaped relationship between technical specification and PIQ. 

In the specification, applicants usually need to explain the technical background of the 

invention which is usually done by citing prior literature. This contributes to better 

understand what did exist before the invention and therefore to better identify what 

precisely is novel in the proposed invention (Meyer, 2000; Li et al., 2014). Adding 

citations might therefore be useful to clarify and increase understanding of patents with 

very long specifications. In particular, it might help readers to better understand the 

technical background and the gap that the invention aims at fulfilling. In other words, 

to add more citations might weaken the negative relationship between the length of 

technical specification and PIQ (when the length of technical specification is beyond 

the turning point of the inverse U-shaped curve). However, the effect might not be the 

same in the case of very short technical specification. In that case it is quite unlikely 

that adding more citations help to increase the comprehensibility of the patent document, 

on the contrary. More citations combined with very limited description might only 

damage the quality of information conveyed by the patent which means that it weakens 
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the positive relationship between the length of technical specification and PIQ (when 

the length of technical specification is before the turning point of the inverse U-shaped 

curve). Hence our fourth hypothesis:   

 

Hypothesis 4. The number of citations to prior art literature negatively 

moderates the inverted U-shaped relationship between the length of technical 

specification and PIQ (Graphically, it makes the inverse U-shaped curve flatter). 

When the technical specification is short (before the inflection point of the 

inverse U-shaped curve), the addition of citations further damage PIQ. When 

the technical specification is long, the addition of citations improves PIQ. 

 

 

3. Empirical design 

 

3.1 Data collection 

 

Our empirical analysis focuses on Chinese data. Analyzing the case of China when 

looking at PIQ is relevant in view of the huge increase in the number of patents granted 

in China over the last two decades, and the concerns it raises about the quality of the 

titles granted. We use two public sources of data (the patent database of China National 

Intellectual Property Administration (CNIPA) and Google patent database) and two 

commercial ones provided by Patsnap5 and Patentics6. Basic patent information such 

as grant number, title, and right holder, etc. was provided by the CNIPA patent database. 

For each patent, full text information was collected from Google patents online website 

                                                             
5 Patsnap patent database is a commercial database which developed by Patsnap Technology (Suzhou) 

Co., Ltd. It has collected more than 120 million pieces of patent information from 126 

countries/organizations/regions in the world, and they devoted to providing intelligence analysis services 

for customers such as universities and enterprises. https://www.zhihuiya.com/ 

6 Patentics patent database is a commercial database which developed by Suoyi Interactive (Beijing) 

Information Technology Co., Ltd. It has collected almost 30 million patent full-text data, and they also 

devoted to providing intelligence analysis services for customers such as universities and enterprises. 

https://www.patentics.com 

https://www.zhihuiya.com/
https://www.patentics.com/
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by using the Selenium library in Python, which also ensures that the patents we use are 

all translatable on Google patent (Büttner et al., 2022). We used a parsing algorithm to 

calculate the number words of patent claims, technical specifications, and claims. 

Finally, information about citations, number of claims and number of inventors was 

retrieved from Patsnap and Patentics. Data obtained from the two databases were 

systematically compared in order to ensure their validity. At all these steps, we used the 

unique grant number of each patent in order to match information from the four 

databases. 

 

The period of time considered in our analysis is 2005-2012. Since we are using forward 

citations in order measure PIQ it is indeed necessary to maintain a lag in order to avoid 

bias in the number of citations received by the patents in our sample. Given the average 

obsolescence rate of patent, a lag of 10 years appears to be reasonable (Jaffe and 

Trajtenberg, 1996). In the end, we have a total number of 765 290 patents in our sample. 

 

3.2 Econometric treatment 

 

3.2.1 Dependent variable 

 

Information quality is difficult to quantify. As noted by Wagner (2009), the term 

“information quality” rarely appears in the literature. We have found attempts at 

measurement in the case of accounting information quality (Fitrios, 2016; Gheorghe, 

2012), government information quality (Lee and Levy, 2014; Dewi et al., 2019) or 

virtual community information quality (Neus, 2001). However, to our knowledge, very 

little research has attempted to measure PIQ. Kong et al. (2023) used computational 

linguistics programs to measure the readability of patent texts and found that patents 

filed by universities are more readable than those filed by companies. Ashtor (2022) 

used machine learning technology to model the clarity of patent claims. 
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In this paper, we use forward citations, i.e. the number of times a patent was cited by 

others (excluding self-citation), as a proxy of PIQ. In the literature, forward citations 

are usually used as an indicator of knowledge diffusion across firms or regions (Alcacer 

and Gittelman, 2006; Bednarz and Broekel, 2019; Liu et al., 2020; Jaffe and De 

Rassenfosse, 2019) or as an indicator for patent quality/value. Yet, we believe that 

forward citations are a relevant indicator of PIQ because when one patent cites another, 

this indicates that the patent applicant has been able to identify and understand that 

patent so as to consider it relevant to their own invention. Controlling for the quality of 

the invention, the number of times a patent has been cited can therefore be seen as an 

indicator of the quality of the information conveyed by the patent. Indeed, if we 

consider, for example, two patents with a similar technological and economic impact, 

if one of the patents is cited more than the other, we can consider that this is because 

this patent was easier to identify and understand than the other. In other words, the 

information relating to the most cited patent is of better quality. 

 

There are two important points to bear in mind when using forward citations as a proxy 

for PIQ. Firstly, we need to control the quality/value of the patent, which obviously has 

an impact on the number of citations it receives. Secondly, we need to control the 

citations added by patent examiners. This second point is very important when using 

patent citations as a proxy for knowledge flow between companies (Jaffe et al., 2000; 

Alcacer and Gittelman, 2006). A citation added by a patent examiner obviously does 

not indicate an exchange of knowledge between the two companies. However, we 

believe that this is less problematic for measuring the quality of patent information. 

Indeed, the fact that the citation was added by the examiner indicates that he was able 

to identify and consider this patent as relevant. In other words, it indicates that the 

quality of the information conveyed by this patent was good, which is precisely what 

the indicator is designed to capture. 
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3.2.2 Independent variables 

 

There are many ways to measure the length of a patent's independent claims. We can 

count the number of claims, the number of words used in the shortest independent 

claims, the length of the first independent claim or the average length of independent 

claims (Kuhn and Thompson, 2017; Wittfoth, 2019; Marco et al., 2019; Merges and 

Nelson, 1990). In this study, we use two types of measures: the average length of 

independent claims and, in our robustness check, the average length of claims 

(independent and dependent). To test Hypothesis 3, we also use the number of 

dependent claims as a moderator. Technically, we use an interaction term between 

independent and dependent claims to test the moderating effect. 

 

To measure the length of the technical specification, we use the number of words used 

in the technical specification part of each patent. Furthermore, in our robustness check, 

we use the total number of pages in the patent. To test Hypothesis 4, we use the number 

of backward citations as a moderator. Once again, we use an interaction term between 

the length of the technical specification and the number of backward citations to test 

the moderating effect. 

 

3.2.3 Control variables 

 

As mentioned above, it is very important to control for the technological/economic 

value of patents. To this end, in line with past and current research on the subject 

(Dechezleprêtre et al., 2017; Özman, 2007; Bass and Kurgan, 2010), we use various 

control variables: the number of international patent extensions, the scope of the 

patented technology, the time to patent publication, the number of inventors and the 

number of applicants. In addition, to control for the value potential of patents, we also 

rely on the number of licensees (number of companies to which patents have been 

licensed) (Gao and Zhang, 2022; Svensson, 2022). Finally, we control for years of 
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patent publication, types of patent applicants and industry by defined dummy variables. 

Table 1 provides a description of all the variables used in our econometric model. Table 

2 presents basic descriptive statistics for these variables. 

 

Table 1. Description of the variables  

 

 

 

 

 

 

 

 

 

 

 

 

Variable Code Description 

Patent information quality PIQ Number of forward citations (exclude self-citation) 

Claims length (ICL) ICL 
Average independent claims length (average number of words in 

independent claims)  

Technical description PSW Number of words in the technical specification part 

Claims length (CL) CL Average claim length (average number of words in claims) 

Technical description Pages Number of pages of the patent document  

Dependent claims  DCC Number of dependent claims 

Patent cite literatures PCL Number of backward citations in the technical specification part 

Patent inventors count PIC Number of inventors 

Patented technical width  PTW Number of IPC codes in the patent 

Patent international 

extensions count 
PIE Number of patent international extensions 

Number of patent licenses NPL Number of companies to which the patents were licensed 

Patent publication delay PPD Number of days between patent application and publication date 

Patent applicants count PAC Number of applicants 

Patent belong to industry IND Dummy variable, based on the IPC sections 

Patent granted year YEAR Dummy variable, Year of patent published 

Patent applicant type PAT 
Dummy variable, type of applicant for a patent, university=1, 

individual=2, R&D institute=3, enterprise=4 
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Table 2 Statistic description of the variables 

 

 

3.3 Econometric methodology 

 

The number of forward citations of a patent is necessarily a positive integer, justifying 

the use of count data models. Furthermore, most patents have never been cited by other 

patents. The proportion of 0 values in the data samples is as high as 88.21%. Therefore, 

a zero-inflated (ZI) counting model is needed for estimation: 

 

(1 ) ( ), 0
( y, , )

(1 ) ( ), 0

f x y
P Y x

f x y

 




  
  

 
                                                                      (1) 

 

where  is the parameter of ZI (here 0.882  ). To determine the optimal model of 

f(x), we calculated the mean and variance of the number of times a patent was cited by 

others. We found that ( | )(1.544) ( | )(1267.006)E Y X Var Y X . Thus, in order to avoid 

Variables N Mean Std. dev. Min Max 

PIQ 765,290 1.544 35.586 0 2,489 

CL 765,290 191.439 521.687 12 305150 

ICL 765,290 354.862 456.409 10 46503 

DCC 765,290 8.097 9.267 0 681 

PSW 765,290 8970.920 12724.250 233 992053 

Pages 765,290 17.687 19.491 1 1637 

PCL 765,290 3.862 6.368 0 554 

PTW 765,290 3.665 4.344 1 252 

PIC 765,290 3.045 2.208 1 38 

PIE 765,290 7.335 12.032 0 799 

NPL 765,290 0.042 0.642 0 158 

PAC 765,290 1.092 0.356 1 27 

PPD 765,290 967.217 711.407 55 7159 

YEAR 765,290 2009.57 2.161 2005 2012 
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the problem of too small or too large dispersion, we use a zero-inflated negative 

binomial model (ZINB): 
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                              (2) 

 

where   , 1   are ZI and divergence parameters and ( ) (1- )E Y    , 

(1 )
( ) ( ) ( )Var Y E Y E Y

 



 
  

 
. Based on this model, the regression equations we 

estimate are as follows: 

 

𝑃𝐼𝑄𝑖,𝑗,𝑡 = 𝜕0 + 𝛾𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑗,𝑡 + 𝛾𝑡 + 𝜙𝑖 + 𝛿𝑗 + 𝜀𝑖,𝑗,𝑡                                                (3) 

𝑃𝐼𝑄𝑖,𝑗,𝑡 = 𝜕0 + 𝛽1𝑋𝑖,𝑗,𝑡 + 𝛽2𝑋𝑖,𝑗,𝑡
2 + 𝛾𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑗,𝑡 + 𝛾𝑡 + 𝜙𝑖 + 𝛿𝑗 + 𝜀𝑖,𝑡                (4) 

 

where PIQ is patent information quality, X represents the explanatory variables, i.e. the 

patent independent claim length and the patent specification length, X2 represents their 

quadratic term, t , i and j respectively represent time, industry and patent applicants 

fixed effects. Model (1) is used to test the impact of control variables on PIQ. Model 

(2) is used to test the impact of explanatory variables (patent independent claim length, 

patent specification length).  

 

To further test the moderating effect of the number of dependent claims and the number 

of backward citations we estimated the following equation: 

0 1 2 3 4 5

,

2 2

i,t i,t i,t i,t i,t i,t i,t i,t

i,t t i j i t

PIQ X X Med X Med X Med

Controls

    

    

        

    
(5) 

where Med represents the moderating variables: the number of dependent claims and 
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the number of backward citations. 

 

Furthermore, considering that the numerical span between our independent variables is 

very large, in order to facilitate the test, we carried out logarithmic processing of the 

independent variables (Ln(ICC), Ln(ICL), Ln(DCC), Ln(PSW), Ln(Pages), Ln(PLC)). 

Correlation between our different variables ranges from 0.001 to 0.894 (Appendix 1). 

Furthermore, the variance inflation factor (VIF) and average VIF of all variable are 

below the thresholds of 5 and 10, which suggests there is not have serious 

multicollinearity issues (Mason and Perreault Jr, 1991). 

 

4. Results 

 

4.1 Main results 

 

Table 3 displays the main results of our model. Column 1 is the baseline model, which 

only includes the control variables. It shows that they have a significant correlation with 

the dependent variable and the signs of the relation is as expected. Column 2 and 3 

allow testing Hypothesis 1. First, we estimate the linear relationship between 

independent claims and PIQ (Column 2) and, second, we estimate their non-linear 

relationship by adding the quadratic term (Column 3). To verify the presence of an 

inverted U-shaped relationship between independent claims length and PIQ, we adopt 

the methodology outlined by Lind and Mehlum (2010) and Haans et al. (2016). We find 

(i) that the slope of Ln(ICL) before the inflection point is positive and statistically 

significant and the slope of Ln(ICL) after the inflection point is negative and statistically 

significant; and (ii) that the 95% Fieller confidence interval of the inflection point 

(located at a value of 0.516) falls within the range of observable data points ([-4.951, 

7.838])7. Thus, we find support for Hypothesis 1.  

                                                             
7 Please note that due to different scales with respect to our independent variables (pages vs. words for instance), to 

eliminate the dimensional differences between the variables and to make sure that they can be compared and 

analyzed on the same scale, we standardized the independent variables before performing formal analysis. This 

explains the negative values for Ln(ICL) and Ln(PSW). 
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Table 3 The relationship between claims length, technical specification and PIQ 

 PIQ 
(1) (2) (3) (4) (5) (6) 

Ln ((ICL)  0.014** 0.481***   0.515*** 

  (0.01) (0.05)   (0.05) 

Ln (ICL)^2   -0.467***   -0.529*** 

   (0.05)   (0.05) 

Ln (PSW)    0.153*** 1.287*** 1.291*** 

    (0.01) (0.08) (0.08) 

Ln(PSW)^2     -1.137*** -1.135*** 

     (0.08) (0.08) 

PTW -0.002 -0.002 -0.001 -0.004*** -0.004*** -0.004*** 

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

PIC 0.049*** 0.048*** 0.050*** 0.042*** 0.044*** 0.045*** 

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

PIE 0.045*** 0.045*** 0.045*** 0.041*** 0.042*** 0.042*** 

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

PAC -0.023 -0.023 -0.024* -0.018 -0.024* -0.026* 

 (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) 

PPD 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

NPL 0.696*** 0.698*** 0.701*** 0.691*** 0.693*** 0.695*** 

 (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) 

Cons -1.493*** -1.494*** -1.473*** -1.334*** -1.327*** -1.296*** 

 (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) 

Lnalpha 3.008*** 3.008*** 3.007*** 3.005*** 3.004*** 3.003*** 

 (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) 

IND FE Yes Yes Yes Yes Yes Yes 

YEAR FE Yes Yes Yes Yes Yes Yes 

PAT FE Yes Yes Yes Yes Yes Yes 

N 765290 765290 765290 765290 765290 765290 

chi2 58847.619 58852.763 58931.508 59324.901 59496.807 59604.371 

Note: *** p<0.001, ** p<0.01, * p<0.05. The parentheses are standard error, The parameter lnalpha is the dispersion 

parameter of the negative binomial distribution. The values of the independent variables have been standardized. 

 

Column 4 and Column 5 rely on a similar strategy to test Hypothesis 2. First, we 

estimate the linear relationship between the length of technical description and PIQ 

(Column 4) and, second, we estimate their non-linear relationship by adding the 

quadratic term (Column 5). Again, we find (i) that the slope of Ln(PSW) before the 

inflection point is positive and statistically significant, and the slope of Ln(PSW) after 
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the inflection point is negative and statistically significant and (ii) that the 95% Fieller 

confidence interval of the inflection point (located at a value of 0.567) falls within the 

range of observable data points ([-4.143, 6.385]). Therefore, our Hypothesis 2 is 

supported. 

 

In addition, Column 6 displays results with both the variable Ln(ICL), Ln(PSW) and 

their squared term. Results confirm that there is a significant and negative coefficient 

of the quadratic term of Ln(ICL) and Ln(PSW), which is in line with our Hypothesis 1 

and Hypothesis 2. These results are displayed in figure 1, following Aiken et al. (1991), 

Dawson and Richter (2006) and De Rassenfosse et al. (2016) methodology. This clearly 

illustrates the inverted U-shaped relationship between the length of independent claims 

and technical specification and PIQ. In addition. the relationship between Ln(ICL), 

Ln(PSW) and PIQ is displayed in Figure 2 (relying on the results of Column 6). Again, 

it perfectly illustrates the inverted U-shaped relationship between the length of claims, 

technical specification and PIQ. 

 

Figure 1. The inverted U-shaped relationship between independent claims length, 

technical description length and PIQ 

  Relationship between claims length and PIQ     Relationship between description length and PIQ 
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Figure 2. The inverted U-shaped relationship between claims length, description 

length and PIQ 

 

Relationship between claims length, description length and PIQ 

Note: Figure 2 is based on the parameters estimated in model 6 in Table 3 using Matalab. The equation 

is the following: PIQ=0.515Ln_ICL-0.529Ln_ICL^2+1.291Ln_PSW-1.135Ln_PSW^2 

 

 

4.2 Robustness test 

 

To check the robustness of our results we conducted four different type of tests 

(Appendix 2). First, we used a measure of similarity between patent documents (FPID) 

as an alternative proxy of PIQ. Results are displayed in Columns (1) and (2) of 

Appendix 2. Second, we used the same estimation strategy but relied on alternative 

proxies for our two independent variables. We used the Average claim length (CL) 

instead of the average length of independent claims (ICL) as a proxy for the length of 

independent claims. Similarly, we used the total number of pages in the patent (Pages) 

instead of the number of words in the specification (PSW) as a proxy for the length of 

the technical specification. Results are displayed in Columns (3) and (4) of Appendix 2. 

Third, we used a zero inflate poisson (ZIP) model instead of a ZINB to estimate our 

result. Results are displayed in Columns (5) and (6) of Appendix 2. Additionally, in 

order to avoid the interference of outliers, we employed two methods: i) winsorizing all 
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variables at the 1% and 99% levels, and ii) respectively randomly selecting 85% and 

75% of the samples for estimation. Results are displayed in Columns (7) to (12) of 

Appendix 2. All these checks suggest that our main results are robust to different 

proxies, different estimation methodologies and different subparts of our dataset. 

 

4.3 Heterogeneity analysis 

 

Following Kong et al. (2023), who show that universities tend to  produce patents that 

are more readable than firms patents, we conducted an heterogeneity analysis by 

distinguishing between different applicant types. We distinguish the type of applicant 

by relying on the first applicant of patent, which can be a university (Columns 1 and 2), 

an individual (Columns 3 and 4), a research institutes (Columns 5 and 6), or a firm 

(Columns 7 and 8). Results displayed in appendix 3 show notable differences between 

applicants and are in line with Kong et al. (2023). They suggest that, especially 

regarding the way independent claims are drafted, universities patents might exhibit 

better PIQ than firms’ patents (however this effect is the opposite when looking at the 

way technical specification are drafted). 

 

4.4 The moderating effect of dependent claims and backward citations 

 

We then tested the moderating effect of dependent claims and backward citations. 

Results are displayed in Table 4. In column 1, we added the moderator variable 

(Ln(DCC)) and two interaction terms (Ln(ICL)*Ln(DCC) and Ln(ICL)^2*Ln(DCC). 

Results indicate that the moderator variable Ln(DCC) positively and significantly 

affects PIQ and that it positively moderates the inverted U-shaped relationship between 

independent claims length and PIQ. This result supports therefore Hypothesis 3. 

Dependent claims strengthen the positive relationship between independent claims 

length and PIQ before the inflection point and aggravate it after the inflection point. 

Similarly, in column 2, we added into the moderator variable (Ln(PCL)) and two 
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interaction terms (Ln(PCL)*Ln(PSW) and Ln(PCL)^2*Ln(PSW). Results indicate that 

backward citations negatively and significantly moderate the inverted U-shaped 

relationship between technical description and PIQ, thus supporting our Hypothesis 4. 

 

Moderating effects are displayed graphically in Figure 4. We see clearly that the 

inverted U-shaped relationship between claim length and PIQ is getting steeper along 

with the increasing the number of dependent claims, while the inverted U-shaped 

relationship between technical specification and PIQ is getting flatter along with the 

increasing of the number of backward citations. 

 

Table 4 The moderating effect of dependent claims and backward citations 

Variables 
PIQ 

(1) (2) 

Ln ((ICL) 
0.535***  

(0.05)  

Ln (ICL)^2 
-0.516***  

(0.05)  

Ln (PSW) 
 0.738*** 

 (0.09) 

Ln(PSW)^2 
 -0.543*** 

 (0.09) 

Ln (DCC) 
0.127***  

(0.01)  

Ln (PCL) 
 -0.101*** 

 (0.01) 

Ln((ICL)* Ln (DCC) 
0.122***  

(0.04)  

Ln((ICL)^2* Ln (DCC) 
-0.152***  

(0.04)  

Ln (PSW)* Ln (PCL) 
 -0.278*** 

 (0.07) 

Ln(PCW)^2* Ln (PCL) 
 0.149*** 

 (0.06) 

Controls Yes Yes 

IND FE Yes Yes 

YEAR FE Yes Yes 

PAY FE Yes Yes 

N 765290 765290 

chi2 59064.873 60368.292 

 

 

 

 



28 
 

Figure 3. The moderating effect of dependent claims and backward citations 

           The moderating effect of dependent claims           The moderating effect of backward citations 

 

 

 5. Discussion and conclusions 

 

The effectiveness of the patent system has been widely questioned over the past two 

decades (Jaffe and Lerner, 2006; Boldrin and Levine, 2008; Bessen and Meurer, 2009). 

Patents are suspected of hampering cumulative innovation processes, fostering patent 

trolling and anti-commons situations, and encouraging the multiplication of 

unnecessary litigation. All these problems are linked to the considerable increase in the 

number of patents in our economy since the 1980s. But some authors have also 

highlighted the role of the quality of patent information (Menell and Meurer, 2013). 

The more patents there are in an economy, the more important it is that the information 

relating to all these patents is good, to enable users of the patent system to find their 

way through the thicket of patents. Today, therefore, patent notification failure is often 

seen as a major source of economic inefficiency. 

 

Yet, surprisingly, very few studies have attempted to understand the determinants of 

patent notification failure. In this article, we analyzed the role of the patent document 

and, in particular, the length of patent claims and patent technical specifications. Using 

a rich dataset covering 765,290 Chinese patents over the period 2005-2012 and 
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including many new variables, we explored the relationship between claim length, 

technical description and PIQ. Our results show an inverted U-shaped relationship 

between independent claim length and the length of the technical specification and PIQ. 

In addition, we were able to show that this inverted U-shaped relationship is moderated 

by the number of dependent claims and the number of backward citations. Finally, our 

results also suggest important differences across patent applicants, with universities 

tending to draft patents with better information quality than firms. 

 

Our results therefore confirm that claim length and technical description are important 

determinants of patent notification failure. Yet, contrary to previous studies that 

suggested a positive correlation between claims and the length of the technical 

specification (assuming that the longer the description, the more information is added 

and therefore the better PIQ) (Paradise et al., 2005; Wagner, 2009; Marco et al., 2019), 

we find that too many and too long claims and/or too long a technical description 

contribute to damaging PIQ. In our sample, we observed some patents with up to 100 

or more independent claims, and other patents exceeding 1000 pages. In these cases, it 

is highly likely that the mass of technical details contributes to muddling the 

information conveyed by the patent.  

 

These findings have important policy and management implications for patent systems 

and the patent examination process in China and elsewhere. China has experienced 

rapid economic growth in recent decades, and the patent system is widely regarded as 

playing an important role in this economic progress. The Chinese government has 

therefore implemented policy measures to increase incentives for Chinese companies 

to file patents. The country is now by far the world leader in terms of patent applications 

and grants. This large number of patents in force in China automatically draws attention 

to the quality of patent information. Indeed, as mentioned earlier, a high number of 

patents combined with a lack of patent notification could lead, not to economic growth, 

but, on the contrary, to economic inefficiency. It will therefore be extremely important 
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for the Chinese government in the future to be vigilant about the quality of patents 

granted and the quality of patent information. 

 

The main conclusion of this research is that the structure of the patent document has an 

impact on the quality of the information revealed by the patent. Claims and/or technical 

descriptions that are too short or too long can lead to poor quality patent information. 

In terms of the patent examination process, this suggests that patent examiners should 

pay particular attention to patents with a very low or very high number of claims and 

pages, trying to avoid overly broad claims and overly limited or complex technical 

descriptions that damage the quality of patent information. Beyond patent examiners, 

this work also raises the question of greater harmonization of patent documents. Should 

patent offices impose a standardized length for patent claims or descriptions, to avoid 

applications that are too long or too short? Finally, with regard to studies using patent 

statistics, our results show that it can be problematic to use claim or patent length as an 

indicator of patent value or quality. 

 

To the best of our knowledge, this article is the first attempt to analyze the determinants 

of poor quality patent information. It should therefore be seen as an exploratory article 

that opens many doors and avenues for further research. For example, a first immediate 

extension of this research is to extend our database to countries other than China, in 

particular the USA and Europe. The use of additional proxies for PIQ may also be 

necessary to ensure the robustness of our results. In this article, we use the number of 

forward citations. Alternatively, we could also use the number of times a patent has 

been licensed, or the number of collaborations developed by the patent applicant after 

patent publication. Similarly, it may be important to use other proxies to monitor the 

technological/economic value of patents. In this article, we use international extensions 

and the number of licensees (number of companies to which the patents have been 

licensed). Alternatively, we could use the number of times the patent has been contested, 

or whether the patent has been the subject of opposition proceedings (in Europe). In 
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addition, the use of natural language processing techniques to introduce more features 

of the patent document would also enrich the analysis of the quality of patent 

information. Finally, and perhaps most importantly, it will be essential for future 

research to extend the analysis to other determinants of patent notification failure. In 

this article, we have focused on the structure of the patent document. However, it could 

also be interesting to study empirically the role of databases and patent register, the role 

of mediating actors such as brokers and information disseminators, etc. 

 

In any case, this research shows that the question of PIQ is at the heart of issues relating 

to contemporary patent systems. In view of the political injunctions in all countries to 

increase the number of patents, and the actual increase in the number of patents in many 

countries, the question of PIQ is increasingly central, and it is essential that the literature 

focuses more on this research question. Without concrete improvements in PIQ, an 

increase in the number of patents can only lead to economic inefficiency. As Pénin and 

Neicu concluded (2018, p. 80): “patents can be formidable accelerators of open 

innovation; however, for this to happen, fences need to be good to make good neighbors 

[…] Radically improving patent information is without doubt one of the most important 

challenges that patent systems all over the world will have to overcome in the near 

future”. 
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Appendix 1: Correlation rate and VIF

Variables PIQ Ln(CL) Ln(ICL) Ln(DCC) Ln(PSW) Ln(Pages) Ln(PCL) PW PIC PIE NPL PAC PPD YEAR 

PIQ 1.000              

Ln(CL) 0.010*** 1.000             

Ln(ICL) -0.006*** 0.704*** 1.000            

Ln(DCC) 0.024*** -0.570*** -0.122*** 1.000           

Ln(PSW) 0.030*** -0.049*** 0.116*** 0.475*** 1.000          

Ln(Pages) 0.027*** -0.091*** 0.093*** 0.504*** 0.894*** 1.000         

Ln(PCL) -0.011*** -0.127*** -0.044*** 0.176*** 0.254*** 0.298*** 1.000        

PW 0.016*** -0.063*** -0.051*** 0.109*** 0.239*** 0.238*** 0.103*** 1.000       

PIC 0.003*** 0.093*** 0.055*** -0.068*** 0.077*** 0.014*** 0.007*** 0.021*** 1.000      

PIE 0.068*** -0.179** -0.063*** 0.259*** 0.335*** 0.355*** 0.170*** 0.294*** -0.005*** 1.000     

NPL 0.004*** 0.012*** 0.005*** -0.014*** -0.008*** -0.005*** 0.002*** 0.009*** 0.001 0.096*** 1.000    

PAC -0.005*** -0.004*** -0.010*** -0.023*** -0.045*** -0.053*** -0.012*** -0.021*** 0.132*** -0.049*** -0.004*** 1.000   

PPD 0.026*** -0.217*** -0.126*** 0.251*** 0.264*** 0.405*** 0.386*** 0.239*** -0.078*** 0.356*** 0.016*** -0.034*** 1.000  

YEAR 0.007*** 0.100*** 0.113*** -0.061*** -0.001 -0.189*** -0.164*** -0.165*** 0.073*** -0.117*** -0.006*** 0.021*** -0.582*** 1.000 

VIF  4.08 2.61 2.71 6.16 6.63 1.22 1.16 1.05 1.33 1.01 1.02 2.10 1.72 

1/VIF  0.244 0.383 0.369 0.162 0.150 0.818 0.864 0.947 0.753 0.988 0.977 0.476 0.579 

Mean VIF  2.52 

*** p<0.01, ** p<0.05, * p<0.1 
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Appendix 2: Robustness test 

Variables 
FPID PIQ 

(1) (2) (3) (4) (5) (6) 

Ln(ICL) 
0.014**    1.084***  

(0.01)    (0.02)  

Ln(ICL)^2 
-0.016***    -1.407***  

(0.01)    (0.02)  

Ln(PSW) 
 0.014    3.886*** 

 (0.01)    (0.02) 

Ln(PSW)^2 
 -0.024**    -3.456*** 

 (0.01)    (0.02) 

Ln (CL) 
  0.599***    

  (0.05)    

Ln (CL)^2 
  -0.572***    

  (0.05)    

Ln (Pages) 
   0.493***   

   (0.04)   

Ln (Pages)^2 
   -0.407***   

   (0.03)   

Controls Yes Yes Yes Yes Yes Yes 

IND FE Yes Yes Yes Yes Yes Yes 

YEAR FE Yes Yes Yes Yes Yes Yes 

    PAT FE Yes Yes Yes Yes Yes Yes 

N 765290 765290 765290 765290 765290 765290 

chi2 6921.490 7085.029 58992.350 59119.431 3217412.85 3252617.18 
 

Variables 
PIQ 

(7) (8) (9) (10) (11) (12) 

Ln(ICL) 
0.200***  0.439***  0.390***  

(0.04)  (0.06)  (0.06)  

Ln(ICL)^2 
-0.164***  -0.427***  -0.371***  

(0.04)  (0.06)  (0.06)  

Ln(PSW) 
 0.682***  1.402***  1.270*** 

 (0.06)  (0.09)  (0.10) 

Ln(PSW)^2 
 -0.619***  -1.267***  -1.127*** 

 (0.06)  (0.09)  (0.10) 

Controls Yes Yes Yes Yes Yes Yes 

IND FE Yes Yes Yes Yes Yes Yes 

YEAR FE Yes Yes Yes Yes Yes Yes 

    PAT FE Yes Yes Yes Yes Yes Yes 

N 765290 765290 650497 650497 535703 535703 

chi2 6715.124 6978.013 50561.270 51020.893 41268.737 41646.381 

Note: *** p<0.001, ** p<0.01, * p<0.05. Column 1-2 display results when we change the proxy of the dependent variables. 

We used FPID that is a variable that measures the similarity between patent documents. In Column 3-4 we change the proxy 

of independent variables. In Column 5-6 we use Zero Inflate Poisson (ZIP) model. In Column 7-8 all variables are winsorized 

at the 1% and 99% levels. In Column 9-10 we use a random sample (85%) of the independent variable. In Column 11-12 we 

use a random sample (70%) of the independent variable.  
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Appendix 3: Heterogeneity analysis 

 

A 3.1 The inverted U-shaped relationship between the length of claims, technical 

specification and PIQ across different patent applicant types 

Variables  

PIQ 

Universities Individuals Research institute Enterprises 

(1) (2) (3) (4) (5) (6) (7) (8) 

Ln ((ICL) 0.128**  0.753***  0.410**  0.559***  

 (0.06)  (0.13)  (0.16)  (0.08)  

Ln (ICL)^2 -0.088  -0.599***  -0.374**  -0.569***  

 (0.06)  (0.13)  (0.16)  (0.08)  

Ln (PSW)  1.668***  1.362***  3.069***  1.197*** 

  (0.22)  (0.23)  (0.43)  (0.11) 

Ln(PSW)^2  -1.614***  -1.120***  -2.848***  -1.060*** 

  (0.23)  (0.25)  (0.44)  (0.11) 

Controls Yes Yes Yes Yes Yes Yes Yes Yes 

IND    FE Yes Yes Yes Yes Yes Yes Yes Yes 

YEAR FE Yes Yes Yes Yes Yes Yes Yes Yes 

N 108388 108388 79953 79953 34273 34273 542676 542676 

chi2 1285.338 1368.581 993.029 1179.980 2822.289 2937.938 39917.073 40172.101 

Note: columns 1 and 2 are the group of university, columns 3 and 4 are the group of individuals, columns 5 and 6 are the group 

of research institutes, and columns 7 and 8 are the group of enterprises. 

 

 

A 3.2 The inverted U-shaped relationship between the length of claims, technical 

specification and PIQ across different patent applicant types 
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