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Abstract

Patents are valuable intellectual property only when granted by the governments, and fail-
ing to receive an official grant means disclosing valuable technologies and information,
which otherwise would be kept as commercial secrets. Yet, a typical patent application pro-
cess takes years to complete and the outcome is uncertain. This study implements machine
learning models to predict patent examination outcomes based on early information dis-
closed at patent publication and interpret the mechanism of how these models make predic-
tions, highlighting the key determinants to patent grant and delineating the relationships
between the patent features and the examination outcome. The predictive models that inte-
grate patent-level variables with textual information accomplish the best prediction perfor-
mances with a 0.854 ROC-AUC score and 77% accuracy rate. A number of interpretable
machine learning methods are applied. The permutation-based feature importance metric
identifies key determinants such as applicants’ prior experience, page length, backward
citation, claim counts, number of patent family, etc. SHAP (SHapley Additive exPlana-
tions), a local interpretability method, describes the marginal contributions to the model
prediction of key predictors using two actual patent examples. Our study provides several
valuable findings with important theoretical insights and practical applications. Specifi-
cally, we show that patent-level information can serve as a predictor of examination out-
comes and the relationships between the predictors and outcome variables are complex.
Knowledge accumulation and technology complexity positively affect the likelihood of
patent grants, albeit with a curvilinear relationship. At lower levels, both factors signifi-
cantly increase the chance of a grant, but beyond a certain threshold, the marginal effect
becomes less pronounced. Additionally, prior experience, patent family size, and engage-
ment with the patent agency have a monotonic and positive relationship with the grant
likelihood, whereas the impact of patent scope on patent grants remains uncertain. While a
narrower and more specific patent claim is associated with a higher grant rate, the number
of claims increases it. Moreover, technology range, inventor team size, and examination
duration have little effect on the patent grant results. From a practical standpoint, the accu-
rate prediction of patent grants has significant potential applications. For instance, it could
help firms better prioritize resources on the patent applications of high grant potentials to
secure the final grant, as failure means a waste of R &D effort and disclosure of technology
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without IP protection. Additionally, patent examiners could utilize our predictive results as
prior knowledge to enhance their judgment and accelerate the examination process.

Keywords Patent grant - Interpretable machine learning - Predictive models

Introduction

A patent legally protects the relevant technology from infringement but the patent
application process lasts years and the outcome is uncertain (Tong et al., 2018). When
a government grants a patent, on one hand, it creates a short-run social welfare loss
due to technology monopoly, on the other, it provides extra incentives for innovators to
engage in R & D and to publicize their inventions (Hall & Harhoff, 2012). For innova-
tors, the trade-off lies in the fact that protecting their intellectual property through the
patent system requires disclosing the technology which otherwise might be kept as
commercial secrets. Thereby, the drawbacks of the patent system for many innovators
include not only high monetary and time costs but also the uncertainty of successful
grants. Failure to receive a legal patent grant means disclosure of valuable technology
without appropriating the intellectual property, as only at the time of grant, injunc-
tive relief and other legal rights are bestowed upon the patentees (Harhoff & Wagner,
2009). Further, the uncertainty of patent grant hinders and delays the commercializa-
tion of the patent through licensing or transaction on the market for technology due
to the unsettled property right (Gans et al., 2008; de Rassenfosse et al., 2016). Suc-
cessfully granted patents are not only a valuable intangible asset but also signals of
high growth potential for innovative firms at the nascent stage, playing a significant
role in attracting venture capital and achieving successful IPO (Mann & Sager, 2007,
Useche, 2014). Therefore, on the practical side, early prediction of the patent grant
could reduce property rights uncertainty, better advise innovators’ strategy on the pat-
ent application, guide investors’ decision on investment in innovative firms, and help
patent examiners prioritize the workloads. In addition, on the theoretical front, iden-
tifying the key determinants of patent grants also reveals the characteristics of high-
value patents. Though the law specifies novelty, innovativeness, and practical appli-
cability as the patent grant requirement (Liegsalz & Wagner, 2013), it is unclear how
examiners interpret this requirement and how various applicant- and technology-level
characteristics relate to the likelihood of patent grant. More in-depth theoretical ques-
tions need to be evaluated such as what are the roles of knowledge accumulation, tech-
nology complexity, and patent scope play in the decision to patent grant?

With such motivation, this paper aims to forecast patent examination outcomes
using machine learning methods. More specifically, by applying interpretable machine
learning methods, we combine two streams of literature and achieve two goals pur-
sued. First, based on a comprehensive collection of about 400,000 invention patent
applications in 2011, we apply machine learning models to predict patent grants using
early information of patent publications. Second, using cutting-edge interpretation
methods such as SHAP value, we aim to interpret the trained models by emphasizing
the key determinants and delineating the relationship between predictors and patent
grants. Thus, it closely relates to the two following streams of literature.
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Patent grant related literature

The first stream of literature primarily explore variables concerning the patent examina-
tion process, such as patent pendency (Yang, 2008; Xie & Giles, 2011; Ahn et al., 2018),
grant ratio (Yang, 2008), patent system discrimination (Webster et al., 2014; de Rassen-
fosse et al., 2020; de Rassenfosse et al., 2020), and patent grant outcomes (Kim & Oh,
2017; Choudhury & Haas, 2018). Yang (2008) noticed that foreign applicants tend to
endure longer patent pendency than domestic applicants, highlighting the potential differ-
ential treatment based on the nationality by CNIPA (China National Intellectual Property
Administration). Liegsalz and Wagner (2013) confirmed Yang’s (2008) findings and fur-
ther emphasized the positive role of prior experience and orientation in the Chinese market
in reducing patent delay. As for the patent level characteristics, patents of high value tend
to receive early grants, while the number of IPCs assigned and forward reference lengthens
the examination for greater complexity of the task (Harhoff & Wagner, 2009; Liegsalz &
Wagner, 2013).

While the patent pendency literature concern the duration of the process, the more
related studies center on the influencing factors to the examination outcome. Patentability
requires the technology to manifest a certain degree of novelty, innovativeness, and prac-
tical applicability as specified by the law (Liegsalz & Wagner, 2013). The literature has
explored a number of important influencing factors. For instance, studies have uncovered
the role of local and international collaboration as positive influencing factors of patent
grant (Guellec & van Pottelsberghe, 2000; Drivas & Kaplanis, 2020). Applicant origins
and international applications can also be important influencing factors. Webster et al.
(2014) illustrated that the patent grant rate significantly varies among applicants of dif-
ferent countries and that domestic applicants were more likely to receive grants. Drivas
and Kaplanis (2020) found that USPTO patent applications with greater inventor team and
international background were more likely to be granted. How the patent relates to prior
art is also an important factor as it reveals the novelty of the patented technology. Bekkers
et al. (2020) showed that including standards-related documents for prior art may reduce
the patent grant ratio but improve the quality of the granted patents overall. In a similar
vein, Sun and Wright (2022) highlighted the non-blocking backward citation to prior art
as the key determinants, which are positively correlated with patent grant. Further, dur-
ing the examination process, it is also plausible that examiners and patent agents would
play an important role. For instance, Klincewicz and Szumial (2022) highlighted the role
of patent attorneys and their rich experience as important predictors for successful pat-
enting. Regarding the role of examiners, Lemley and Sampat (2012) uncovered that more
experienced examiners tend to cite less prior art and grant more patents, and Frakes and
Wasserman (2021) found that examiners’ decisions are subject to peer effects through a
mechanism of knowledge spillovers; they also showed that time constraints may hamper
search and rejection effort, resulting in a higher granting rate.

While the literature has explored these diverse set of influencing factors', we still know
little about how important each factor compares to each other. There needs to be a system-
atic analysis to rank these key variables and uncover how these variables predict the patent
grant. In addition, a number of key factors, both patent and applicant level, that may poten-
tially affect the outcome need to be thoroughly analyzed. For instance, backward citations,

! We have combed out and summarized these influence factors to patent grant in Table 5 in Appendix.
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a sign of knowledge accumulation, may correlate with patent grants because technologies
that are built on previous inventions tend to have greater practical applicability (Kwon &
Geum, 2020). Also, the rich prior experience of the applicant may be positively correlated
with the patent grant because the tacit knowledge could help avoid the common mistakes
of the patent application. Thus, a more comprehensive approach is necessary to identify
multiple key determinants of patent grants.

Machine learning prediction related literature

The second stream pertains to the recent development in machine learning techniques in
technological forecasting based on patent information. Resorting to the powerful out-of-
sample prediction capacity of machine learning techniques, recent studies have aimed to
identify emerging technology or valuable patents (Lee et al., 2018; Chung & Sohn, 2020;
Kwon & Geum, 2020; Choi et al., 2021; Kim et al., 2022), predict scientific breakthrough
(Wang et al., 2021), forecast technology convergence (Kong et al., 2020; Cho et al., 2021),
foresee innovation capacity (Ponta et al., 2020), and predict lawsuits on patents (Juranek &
Otneim, 2021).

For example, Lee et al. (2018) proposed a machine learning approach to identifying
emerging technologies, which was defined using the number of forward citations, at early
stages using patent indicators that can be defined immediately after the patents are issued.
Particularly, a feed-forward multi-layer neural network model was employed to capture the
complex non-linear relationship between inputs and output variables. Similarly, Ponta et al.
(2020) defined innovation capacity as the number of forward citations and applied vari-
ous machine learning models to predict the innovation capacity of firms. More specifically,
they ranked the feature importance of predicting innovation capacity for different countries.
Chung and Sohn (2020) went a step further to implement a deep learning multi-modal
approach that incorporated both patent features and textual information to better predict
emerging technology at an early stage. Their contribution lies in the implementation of the
state-of-the-art method such as a model combining the convolution neural network (CNN)
with the Bi-LSTM layer, which is a natural language processing method that identifies the
order of appearance and structure attributes of text documents. While many of these works
consistently used forward citation as a measurement of the value of patents, Choi et al.
(2021) overcame this limitation and proposed a hybrid approach considering both expert
opinion and patent information to identify emerging technologies. Kim et al. (2022) used
the licensing agreement as an indication of technology value, built machine learning mod-
els based on early technological characteristics to predict the technology valuation, and
applied interpretable machine learning method to investigate the non-linear relationships
between the input and output variables. Han et al. (2022) applied graph neural network
models to forecast core patents and technology trends and showed that graph-embedding
features based on network are superior to traditional patent features in prediction perfor-
mance. In addition to the foresight of technology value, the machine learning model also
exhibits a high capacity in predicting lawsuits associated with patents, which could help
alert corporations of risky patents and mitigate litigation risk (Juranek & Otneim, 2021).

These studies sufficiently exploit the powerful out-of-sample prediction capacity of
machine learning models to forecast emerging technology, technology convergence, legal
events, etc. The logic behind this is that early information and variables are strongly cor-
related with the predicted outcome (such as technological value), and that machine learn-
ing models thoroughly explore all the linear, non-linear, and interaction effects among
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these variables to achieve higher accurate prediction than conventional linear regression
approach (Lee et al., 2018). Based on the same rationale, as some of the patent and appli-
cant level variables are strongly correlated with patent grant (e.g. Webster et al., 2014, Dri-
vas & Kaplanis, 2020, Schuster et al., 2020, Kim et al., 2022) as summarized in Table 5,
we believe the machine learning model could also collect this information from important
variables to accurately predict the examination outcome. However, the application of such
predictive models has yet to be performed.

While the two literature streams” provided valuable insights into how individual factors
determine patent pendency and grant outcomes and how to exploit the recent development
of machine learning techniques to predict future technologies, there are limitations. First,
there needs to be a comprehensive investigation of patent variables, especially at the pat-
ent and applicant level, to identify the key determinants of the patent grant. Such analysis
could reveal a deeper theoretical mechanism of which variables are the key determinants of
patent grants, how they relate to patent grants, and in what ways. It could also offer mana-
gerial implications on how to improve the application process to maximize the likelihood
of successful patent grants. Second, the machine learning models tend to lack theoretical
interpretability of their prediction results (Mullainathan & Spiess, 2017; Ghoddusi et al.,
2019), but knowing what determining the evolution of future technology is as important
as predicting it. To overcome the limitation, we combine machine learning models with
interpretable methods to predict patent grants based on early patent information, identify
the key determinants, and delineate the underlying relationship between these key determi-
nants and patent grants.

The remainder of the article is organized as follows. “Data and methodology” section
describes the patent data from CNIPA and explains the machine learning workflow. “Pre-
diction results and interpretation” section reports the results and lays out the interpretations
of those trained models. “Conclusion” section concludes the paper and discusses the poten-
tial practical applications and theoretical implications.

Data and methodology
Data and pre-processing

We use the invention application patents maintained by CNIPA and collect the dataset
from incopat.com®. CNIPA follows an international convention for the patent application
procedures (Liegsalz & Wagner, 2013). Invention application patents* are publicized on
the publication dates with early information—such as the number of claims, applicants,
backward citings, etc.—before the formal patent examination starts. The examination pro-
cess, or patent pendency, lasts about two to three years before the final decision is made.

2 To better present the two streams of related literature, we tabulate these related studies in Table 6 in the
appendix.

3 A paid membership on incopat.com allows quick downloading of a large amount of patent data with
numerous patent indicators. CNIPA offers a website port for individual patent queries but not for download-
ing a large number of patent data.

4 Only invention patent follows the three major stages, namely, application, publication, and final decision.
In comparison, utility and design patents are published once and only once when it is officially published
and granted, which means the rejected ones are not available to the public. That's why we use invention
application patents instead of the other types.
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In total, we collected about 400,000 invention applications publicized in 2011, a
comprehensive collection of all applied invention patents after deleting samples with
some abnormal legal conditions in that year. After data cleaning and deleting patent
with abnormal conditions, we are left with 375,512 sample observations. Invention
applications of all disciplines and fields with a comprehensive range of international
patent classifications (IPCs) are included in the dataset, which provides wider coverage
than similar studies that use patents in particular industries (e.g. Chung & Sohn, 2020).
The data contains a large number of patent features including numerical, categorical,
and textual. We adopt the following pre-processing and data cleaning procedure to tidy
up the data and make it readily usable by machine learning models.

The numerical variables are standardized with unit standard deviation and zero mean
because machine learning models like neural network and LASSO use gradient descent
as an optimization technique that require data to be scaled (Zhang et al., 2019). The fea-
ture processing for categorical variables can be more complex since categorical features
can not be directly fed into machine learning models. For low cardinality indicator, cat-
egory feature with distinct values (n), say, less than 10, we apply one-hot encoding,
whereas, for high cardinality indicator (i.e, n > 10), we apply target encoding by replac-
ing the categorical value with the mean of the target variable. As such, we turn the cat-
egorical features into quantifiable variables without creating a sparse data structure with
too many column inputs.

Textual data also need to be quantified using textual extraction algorithms before
feeding it into machine learning models. A popular and simple method of textual extrac-
tion is called the Bag-of-Words (BoWs), an approach to representing documents by
fixed-length vectors terms, where each dimension is the numerical value correspond-
ing to a word or a group of words (Li et al., 2020). We use TF-IDF (Term Frequency-
Inverse Document Frequency) representation, based on the BoWs philosophy (Kim
et al., 2019), to pre-process the textual information, which involves the following steps.
First, sentences in patent abstracts are tokenized to single words that appeared and with
the non-informative words (or stop words) removed. Second, create a dictionary using
a vocabulary of words that uniquely appeared in abstracts and keep the top 1000 most
frequent words. Third, we code the BoWs in (TF-IDF), which measures the frequency
of a word by how often they appear in all documents and is offset by the number of
documents in the corpus that contain the word. This approach is intended to reflect how
relevant a term is in a given document, as the higher the TF-IDF score the more relevant
that word is in that particular document compared to all others. As we have a very large
corpus (i.e., abstract content from 37,5512 applications), each abstract may contain
very few of the words in the vocabulary, which results in very sparse vectors. Hence,
we apply Principle Component Analysis (PCA) method (Li et al., 2019) to reduce the
dimensions of the 1000 TF-IDF scores and keep only the top 10 components. As such,
we extract the textual information and compress the rich information into a relatively
condensed form of data structure.

Once the three types of predictors are formatted in a quantifiable numerical way, we
apply two statistical distance measurements to select relevant features, namely the Kol-
mogorov—Smirnov test (KS) (Katchanov et al., 2019) and Jensen—Shannon (JS) divergence
(Asadi et al., 2018) (details of the KS and JS methods are included in Appendix “Fea-
ture selection” section), to filter out non-informative predictors. The informativeness of
a predictor is defined by the difference between the variable distributions of the granted
and rejected groups. After the selection process, we find a total of 42 informative features,
including 18 numerical features, 14 categorical features, and 10 textual features. Figure 1
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Fig.1 The work flow and process for fitting machine learning models

summarizes the data pre-processing and feature engineering procedure to generate the
cleaned quantifiable inputs as explained in Table 1.

Table 1 details the numerical and categorical predictors used in our models. As one can
tell from Table 1, we pay relatively more emphasis on the patent-level variables because the
patent-level variables provide the most detailed and idiosyncratic information for the pat-
ented technology, which determines patent grant. The examination outcome is determined
by the novelty, innovativeness, and practical applicability of the technology embodied in
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the patent, as specified by the patent law (Liegsalz & Wagner, 2013). For example, the
variable citing—the number of forward citations of the patent—indicates knowledge accu-
mulation and the level of the patent building upon previous technology. This patent-level
information may be closely related to the level of practical applicability (more knowledge
accumulation relates to high practical applicability) as required by the patent law. In com-
parison, macro-level variables, such as the city of the applicant or country of origin, may
provide some additional information and correlate to potential examination outcomes but
tend to be weak predictors because such information may not be closely linked to the pat-
ent value per se. Though in this paper, we use all the possible variables we can get to pre-
dict patent grant, we emphasize more on the patent-level variables because they are more
informative of the potential patent grant.

In Table 1, the outcome variable grant indicates whether or not the invention application
is legally granted by the end of 2020, the time of data collection. Since the legal infor-
mation of each patent is updated in real time, the legal condition for the patent dataset is
registered at the time of data collection, which is at the end of 2020 in our case. Due to
long patent pendency, we cannot determine the examination outcome of the most recent
patents—for example, a 2019 applied patent is likely still in the examination process. Thus,
we use invention applications in the year 2011 for the consideration that it is early enough
to have the examination decision made for most patents and also is recent enough to reflect
the latest condition of patent prosecution in China. Overall, on average 46% of the inven-
tion applications are granted by the end of 2020. Although all variables potentially con-
tribute to the likelihood of patent grants, the main variables of interest are the ones that
are closely related to the applicants’ prior experience, patent value, and whether or not the
applicant resorts to professional patent agents.

app_rate2010 indicates the applicants’ successful patent grant rate in the previous year.
If an applicant did not apply in the last year, the variable is coded zero. This feature sug-
gests applicants’ prior experience. pages measures the length of the invention application
document with a mean of 13.2 pages and an extensive standard deviation of 17.1. The
length relates to the technological complexity of the patent. citing counts the patent back-
ward citations. As inventing is a recombinant process that searches and recombines differ-
ent streams of knowledge, a higher number of citations suggests the new invention is based
on more previous innovations. Recent studies have highlighted the role of backward cita-
tion on patent value (Hur & Junbyoung, 2021). On average, a patent builds on 3.59 previ-
ous inventions. Forward citation, coded as cited, counts the future inventions that are based
on the focal patent and is a widely accepted measurement of patent value (Jaffe et al., 1993;
Hall & Trajtenberg, 2005; Moser et al., 2017). nfamily—the number of jurisdictions in
which a single invention seeks protection—tends to indicate higher patent value, as innova-
tors have the incentive to protect the highly valued inventions internationally so as to fully
appropriate the technology (Harhoff et al., 2003). nchar_right measures the number of
Chinese characters in the first independent patent claim.’ The character length of the first
patent claim, as argued by Sampat and Williams (2019), serves as a good proxy for patent
scope because the first claim usually is the broadest and a longer length suggests a nar-
rower scope. right_n counts the number of patent claims. A typical patent records 9 claims,
and the standard deviation is 9.01. app_n is the number of applicants. More than one appli-
cant indicates co-patent of inventive collaboration, which can be among individuals, firms,

5 Independent claims are ones that are contingent of other claims. The first patent claim is always inde-
pendent by law.
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universities, and research institutes. As R & D collaboration has been shown an effec-
tive method for boosting innovation quality (Faems et al., 2005; Zhang & Tang, 2017),
we believe the number of applicants could predict the prospect of patent prosecution to
a certain degree. inventor_n records the inventor numbers, indicating internal collabora-
tion effort. nipc3d and nipc7d count the number of IPCs each patent is assigned, which is
another often used measurement of patent scope (Lerner, 1994; Novelli, 2015). The logic is
that patents labeled in many classifications reveal a broader technology range. For instance,
a patent labeled C22C1/10, C22C19/03, and BO1F7/18 spans three 7-digit and two 3-digit
classifications. The mean for nipc3d and nipc7d are 2.46 and 1.27. Among the categori-
cal feature, ipc3d indicates the three-digit technology class the patent belongs to, which is
interpreted as the technology field. econ indicates the three-digit level industrial classifica-
tion for national economic activities, indicating the industry. app_country is country origin
of the patent applicant, and pri_country is the country where the patent is initially applied.
Other variables include app_type (such as individual, firm, research institute, or univer-
sity), prior (whether the patent is applied based on a former application), agent (whether
the patent application relies on the patent agent), etc.

Methodology
Machine learning models

As described in Fig. 1, model tuning and fitting come after data pre-processing. This study
features a number of major machine learning models, including XGBoost (eXtreme Gra-
dient Boost), random forest, K-nearest neighbors (KNN), and support vector machine
(SVM). Among these models, we specifically demonstrate the details of the hyper-parame-
ters tuning procedures for XGBoost model.

XGBoost is based on the original boosting models but more efficient (Friedman, 2001).
In boosting, the trees are built sequentially such that each subsequent tree learns from its
predecessors, updates the residual errors, and aims to reduce the errors of the previous tree.
Each of these weak learners contributes some vital information for prediction, enabling
the boosting technique to produce a strong learner by effectively combining these weak
learners. XGBoost introduces optimal cache access patterns and data compression to build
a scalable tree boosting system, and regularizing methods are used to control over-fitting
and obtain better predicting performance. XGBoost thus is a highly efficient, flexible, and
widely used application of gradient boosting system (Chen & Guestrin, 2016) and inten-
sively used by the data scientists to achieve state-of-the-art prediction performance. It has
become the most frequently used algorithm among data scientists in online machine learn-
ing competitions (Chen & Guestrin, 2016). More recently, scholars have applied XGBoost
in predicting banking stress and failure in finance studies, and a set of key variables are
identified to anticipate bank failures and defaults (Climent et al., 2019; Carmona et al.,
2019).

The random forest algorithm is an extension of the bagging method which creates an
uncorrelated forest of decision trees (Denisko & Hoffman, 2018). Different from deci-
sion trees that consider all the possible feature splits, random forests only use a subset of
those features. Random forest algorithms have three main hyper-parameters, which include
node size, the number of trees, and the number of features sampled. KNN, or the K-nearest
neighbors algorithm, is one of the supervised learning techniques that assumes that simi-
lar things exist in close proximity (Friedman, 2017). In other words, similar things exist
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Table 2 Hyer-parameters for XGBoost

Paramter Explanation Tuned value
trees The number of trees contained in the ensemble. 1000(pre-set)
mtry The number of predictors randomly sampled at each split. 33 (tuned)
min_n The minimum data number required for a node to be split further. 13 (tuned)
tree_depth The maximum tree depth 5 (tuned)
learn_rate The rate the boosting algorithm adapts from iteration-to-iteration. 0.3 (default)
loss_reduction The reduction in the loss function required to split further. 0 (default)
sample_size The amount of data exposed to the fitting routine. 1 (default)
stop_iter The number of iterations without improvement before stopping. inf (default)

in close proximity, or, in our case, the granted or rejected patent applications should be
approximate to each other in high dimensions of input features. We predict whether a pat-
ent application is granted based on how its neighbors are classified. The hyper-parameter
of KNN is k which refers to the number of nearest neighbors to include. There is no struc-
tured method to find the best value for k but through cross-validation. SVM, or Support
Vector Machine, can be used for both regression and classification and can produce sig-
nificant accuracy with less computation power. It is a non-parametric method that finds a
hyperplane in a high dimensional feature space that distinctly classifies data samples into
grant group and reject group. SVM finds the hyper-plane with a maximum margin which
provides reinforcement so that testing data can be classified with confidence. LASSO is
a shrinkage method that imposes a L1 penalty on the parameter estimation (Zhang et al.,
2019). The penalty encourages sparsity in the learned parameters and can drive many
parameters (i.e., the least useful ones) to exactly zero. LASSO is therefore a continuous
feature selection method. It is particularly well suited as we want to minimize the number
of indicators our prediction model shall use.

Tuning and fitting XGBoost®

Following the data pre-processing as described in Fig. 1, once data has been pre-pro-
cessed, the data is split into 75% training and 25% testing sets, and the training set is
then used to create 10-folds for cross-validation in the next step of hyper-parameters
tuning. XGBoost model uses a number of hyper-parameters, as reported in Table 2, of
which some intend as a regularization mechanism during the fitting process to prevent
over-fitting. For example, min n stands for the minimum data number required for a
node to be split further. That is, each node needs to contain at least min n amount of
samples, preventing overfitting by restricting too detailed tree splitting. Higher min n
means a more conservative model. It is essential to tune a set of hyper-parameters to
reach an optimal model that delivers the highest prediction accuracy. This process of
finding the optimal set of parameters is usually conducted through cross-validation, a
statistic practice to estimate the performance of models with different sets of hyper-
parameters. More specifically, we partition the training data sample into 10 folds, use

® In this section, we only detail the tuning and fitting process for the XGBoost model as an illustration and
exemplification, since most machine learning models are tuned and trained in similar ways.
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Fig.2 The ROC curves of different models and specifications

the 9 folds to train the model, test it on the hold-out fold, then pick another fold as
the hold-out, and repeat the process 10 times. Table 2 illustrates the parameter defini-
tions and tune parameter values. We pre-set the parameter frees to be 1000 and set other
non-essential hyper-parameters to default values. For the key hyper-parameters, such as
mtry, min n, and tree_depth (described in Table 2), we generate random hyper-parame-
ter combinations through R command and feed into the tuning process. Once the model
is tuned, it needs to finalize the XGBoost model by fitting the whole training set one last
time and performing prediction on the test set. The optimal set of hyper-parameters is
reported in Table 2.

In a similar way, we also tune other machine learning models and select the opti-
mal hyper-parameters to achieve the best prediction capacity using the cross-validation
method.

Prediction results and interpretation
Prediction results

The XGBoost model was tuned to maximize the AUC (Area under the curve) of receiver
operating characteristics (ROC). The ROC-AUC is a metric to measure how well the model
predicts the result using the whole range of thresholds. The ROC shows the relationship
between sensitivity and (1 - specificity) as shown in Fig. 2.

Sensitivity is the proportion of positive that are correctly identified, i.e., the proportion
of correctly predicted patent grants among all granted patents, which is indicated by the
following equation:

TruePositive _ TruePositive

Sensitivity = — = — -
t Positive TruePositive + FalseNegative @)

Specificity is the proportion of correctly identified rejected patents among all rejected pat-
ents, which is expressed as:
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Table 3 The Confusion Matrix

Actual
of the XGBoost Prediction ctual grant

Results No Yes
Predict No 33,993 8,714
Yes 12,986 38,185

The overall accuracy is 76.9% at a threshold of 0.5. Bold values indi-
cate the number of patent applications predicted correctly and incor-
rectly according to actual results

Table 4 The our-of-sample prediction performance of machine learning models

XGBoost RandForest KNN SVM LASSO Logistic
Accuracy 0.769 0.761 0.720 0.753 0.721 0.721
Sensitivity 0.814 0.793 0.734 0.781 0.733 0.734
F1 Score 0.767 0.751 0.716 0.741 0.718 0.717
ROC-AUC 0.854 0.845 0.797 0.832 0.802 0.801

e TrueNegative TrueNegative
Specificity = - = - — )
Negative TrueNegative + FalsePositive

(1-specificity) is the percentage of false negatives among all negatives, and there is a
strong correlation between sensitivity and (1-specificity). The intuition is that, in order to
identify the true positive as much as possible, one needs to take some risk of falsely pre-
dicting the negative as positive. Hence, there’s an upward relationship between sensitiv-
ity and (1-specificity) as illustrated in Fig. 2. A random classification yields a ROC curve
of 45-degree straight line because under a random guess sensitivity equals (1-specificity),
i.e., the predicted positive could equally be actual false or positive. The closer the curve is
to the upper-left corner, the better the model performs in overall prediction. People may
choose different thresholds to predict positive or negative, because they may face differ-
ent costs of two types of errors. Hence, the area under the ROC curve (ROC-AUC) can
be used to indicate overall model prediction performance weighted with a whole range of
thresholds.

In the left panel of Fig. 2, the dark blue line indicates the AOC curve of the fitting
XGBoost model, with a ROC-AUC score of 0.854. It also shows that as more features
the model used, it delivers better performance as the curve approaches the upper-left
corner. On the right panel, the graph shows the ROC curves of different models specifi-
cation. The random forest model delivers similar but slightly worse performance as the
XGBoost model, while the baseline logistic model is noticeably worse in overall prediction
performance.

While ROC-AUC measures the overall performance of the statistical model at dif-
ferent thresholds, a more intuitive and straightforward metric is accuracy, the total cor-
rect prediction over the total predictions, which is reported in the confusion matrix in
Table 3. The confusion matrix is a summary of results from predicting the test sample.
The two columns indicate the actual patent grant, and the two rows report the binary
prediction made by the model. Table 3 shows that the overall accuracy of XGBoost
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Fig.3 The permutation-based feature importance for different models

model can reach 76.9%. Considering a random guess could get correct about half of the
time, 76.9% is a large improvement in forecasting whether a patent will eventually get
granted or not, hence eliminating the uncertainty of intellectual property rights. Note
that the sensitivity, 38,185/(8,714 + 38, 185) = 81.4%, is higher than the specificity,
33,993/(12,986 + 33,993) = 72.4%, meaning it is easier to have the actual granted pat-
ents correctly identified than the other way around.

We also train other machine learning models that yield the prediction results pre-
sented in Table 4, showing four different prediction performance metrics. In compari-
son, XGBoost exceeds all other methods in out-of-sample prediction capacity, achieving
state-of-the-art performance. The random forest comes close to the second, and SVM also
delivers a decent prediction performance. LASSO achieves a very similar result as logistic
regression, suggesting overfitting may not be a serious issue for linear models. KNN model
obtains the worse prediction performance compared to the rest. Overall, the comparison
suggests that tree-based and non-linear models such as XGBoost and random forest are
best at prediction performance relative to other models.

Feature importance

While the ROC curve and the confusion matrix suggest the overall predicting accuracy of
the model, these two metrics measure the prediction performance but do not answer which
features are more useful at prediction and how each predictor relates to the outcome varia-
ble. In this section, we focus on the interpretation of the models and open up the black box
by highlighting which predictors impact the likelihood of patent grant and in what ways.
One such method is the feature importance metric, a technique that assigns each variable
a score based on how relatively useful they are at the prediction task. An importance value
is an assigned score to a feature of a trained model that indicates the relative importance of
that feature when making a prediction. There are different ways to measure how important
a feature is. These methods can be categorized into two types—model-specific and model-
agnostic based approaches. The model-specific feature importance measurement only works
for a certain type of machine learning model. For instance, tree-specific feature importance
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computes the average reduction in impurity across all trees in the forest due to each feature.
Variables that tend to split nodes closer to the tree root result in a larger importance value.
One advantage of tree-based models is that the feature importance can be easily calculated.
A variable that has frequently been chosen to split nodes, and leads to more impurity reduc-
tion will be assigned by a larger importance value (Hastie et al., 2017). However, the model-
specific feature importance is not comparable among different models. Hence, we adopt a
model-agnostic approach to measure feature importance consistently among various models.
Permutation-based feature importance, a model-agnostic method, initially introduced
by Breiman (2001) based on the idea that a feature is more “important” if shuffling its
value magnifies the prediction error, and the opposite means low feature importance. The
detailed algorithm is described in Appendix “The permutation feature importance” section.
Figure 3 illustrates the permutation-based feature importance of the top variables for these
trained models. The order based on the relative importance shows a fairly consistent rank-
ing. Exceptions come from LASSO and the Logit classification. LASSO regression, due to
the built-in feature selection mechanism of L1 regularization, forces some of the features to
be zero in importance, such as “pages” and “app_freq”, possibly due to a non-linear rela-
tionship with the target variable. Yet, this does not rule out the importance of these vari-
ables in reality, because there could be a more complicated non-linear relationship among
the variables. Linear models tend to pick up the features that have a linear relationship with
the outcome variable while neglecting the non-linear features. Overall, the various models
generate consistent estimations of feature importance ranks. The leading variable is the
“app_rate2010”, the applicants’ success rate in the previous year, suggesting the impor-
tance of prior experience and innovation capacity of the applicant in the successful patent
application. Other variables such as citing, nfamily, pages, nchar_right, agent_rate2010,
right_no, etc., also rank consistently high on the importance metrics. In the following sec-
tion, we center on these highly ranked variables and attempt to interpret how these vari-
ables impact the patent grant decision as predicted by these machine learning models.

SHAP values and interpretation of XGBoost

While the feature importance plot compares which variables are relatively more important
in prediction, it is unclear what are the marginal effects of predictors on the outcome vari-
able and by how much. For linear parametric models, such as linear regression models, the
marginal effects can be simply interpreted using the coefficients. However, marginal effects
of predictors are not obvious in non-linear, non-parametric, and complex models such as
XGBoost, Random forest, and SVM. Even though we know from the feature importance
metric that the number of backward citation significantly relates to the likelihood of pat-
ent grant, is there a positive or negative correlation between the two? is the correlation
manifested in a linear or curvilinear fashion?—these questions need to be addressed using
methods such as SHAP value and PDP. Thus, to better interpret the models, we resort to
a method called SHAP (SHapley Additive exPlanations), which was proposed by Lund-
berg and Lee (2017) and use the more traditional method PDP (Partial dependence plot)
to ensure the robustness of our results. SHAP borrows the concept of Shapley Value in the
economic game theory (Winter, 2002), which was proven to be the unique fair-allocation
solution of marginal contributions by each player in a game. SHAP, like Shapley value
determining how merits are distributed fairly among players in a game, aims to allocate
marginal contributions among predictors in machine learning models. The goal of SHAP
is to explain the prediction of an instance X by computing the contribution of each feature
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Fig.4 Local interpretation for individual patents using SHAP values. Nofe The left panel presents the
SHAP value waterfall-plot for the patent (number: CN102843739A) titled “Method, device and system
for handover among femtocells” and applied by Huawei Device Co Ltd. On the right, the panel illustrates
for the patent (number: CN103174477A) titled “Absorption type heat energy expansion machine” applied
by Jiangsu Hezheng Energy Technology Co Ltd. The X-axis of both plots indicate the log odd ratio.
E[f(x)] = —0.155 suggests the log odd ratio for the whole is —0.155, which translates to 46.2% base rate of
patent grant. The first patent was granted, whereas the second failed to acquire legal grant. Both patents are
correctly predicted using our XGBoost model

to the prediction. Thus, SHAP is a method mainly for local interpretation—although
SHAP is also capable of global interpretation of models when aggregated (Lundberg et al.,
2020). The calculation of SHAP values can be model-agnostic as well as model-specific.
We apply an algorithm called treeSHAP proposed by Lundberg et al. (2020) to calculate
the SHAP of the XGBoost trained model. Figure 4 showcases two sample patents of how
SHAP values are used to interpret the marginal contribution of features.

Figure 4 illustrates the waterfall-plot of SHAP value for two individual patents. Both plots
illustrate how the difference—between global average E[f(x)] = —0.155 and predicted log
odd ratios fix)—decomposed and allocated between variables. The plot ranks feature using
the absolute SHAP value for each patent. The red arrow indicates a positive marginal contri-
bution to the likelihood of a patent grant, while the blue arrow indicates a negative contribu-
tion. Due to the addictive nature of the SHAP value, the summation of SHAP values for all
variables exactly equals the difference between the average and predicted log odds ratio.

This type of plot in Fig. 4 elegantly illustrates the marginal contributions of features
for each sample observation. For instance, the left panel in Fig. 4 illustrates the SHAP
value decomposition for a patent (publication number: CNI102843739A) applied by
Huawei Device Co Ltd. The XGBoost model predicts this patent to be granted with
a log odds ratio of 2.005, which translates to 88.1% chance of patent grant (it turns out
the prediction is correct). The difference between average and predicted log odds ratio
f(X) — E[f(x)] = 2.005 + 0.155 = 2.16, which is then attributed to each feature. The first
variable “pages = 24” increases the log odds ratio by 0.67, the largest increment among
these variables. The second “app_rate2010” suggests that the same applicant had about
0.507 successful patent grant rates in the previous year, which increases the likelihood of
grants according to the model. The third variable, having 4 family patents also increases
the likelihood of a patent grant by 0.33 units. The next two variables text04 and app_freq
moderately reduce the grant likelihood. The model estimates that the fourth principle com-
ponent reduces the grant rate by 0.31 and that “app_freq =1122" reduces the grant change
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Fig.5 The scatter plot of SHAP value and the focal variable

by 0.3—applying for 1122 invention patents in a year could be too many for a high grant
ratio. The other notable variables such as backward citation (citing), number of abstract
words (nchar ab), duration between application and publication (duration), and the city
of the applicant (city) all contribute positively to the likelihood of patent grant. The rest 28
other features contribute 0.33 to the likelihood of a patent grant.

On the right in Fig. 4, the panel illustrates a patent (publication number: CN103174477A)
with a low predicted chance of grant (It is correctly classified as being rejected). The pre-
dicted log odds ratio of the patent is —3.767, or a 2.25% chance of being granted in probabil-
ity. The most noteworthy aspects include zero backward citation (citing), low applicant grant
rate in 2010 (app_rate2010), low agent grant rate in 2010 (agent_rate2010), short docu-
ment page length (pages), and a low number of words in the first right claim (nchar_right),
all contributing negatively to the likelihood of patent grant. Due to the nature of non-linear-
ity and interaction effect, SHAP values for the same variable differ significantly from case
to case. Hence local interpretability, as illustrated in Fig. 4, clarifies the underlying mecha-
nisms of how black-box machine learning models predict the outcomes, and, in our case,
explains which variables are important in contributing to successful patent grants.

SHAP value is not only useful in local interpretability, but the aggregation of individual
SHAP values also indicates the global relationship between predictors and the outcome
variable (Lundberg et al., 2020). In Fig. 5, we draw SHAP dependence plots, essentially
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scatter plots with fitted curves relating the SHAP values to the actual feature values, and
try to understand the complex relationship between actual feature value and the SHAP val-
ues, or likelihood of patent grant. We pay close attention to these features ranked high in
the feature importance metric.

The SHAP dependence plot in Fig. 5 presents rich and condensed information. The
y-axis of each plot represents the SHAP values and the x-axis measures the actual value of
each feature. Each dot is one sample observation and the color indicates whether the patent
is granted—blue indicates grant and red indicates rejection (to make the plot more read-
able, we randomly sample only 2000 patents). The cluster of dots also indicates the sample
distribution over the x-axis—as one could see from the plot, most of the distributions are
left-skewed.

The blue line goes through a scatter plot, indicating the smooth average relationship
between the two axes. For instance, Panel (a) in Fig. 5 illustrates the relationship between
the backward citation and the SHAP values, where most samples are concentrated on low
citation numbers. When there is zero backward citation, the SHAP values are mostly nega-
tive and the dots are red (hence rejected), indicating having no backward citation decreases
the likelihood of a patent grant. On average, having zero backward citation reduce about
0.15 probability of patent grant (as indicated by the blue line). It is also reflected in the
colors that the patents with low backward citations are more likely to be red, i.e., rejected.
As backward citation increases, the SHAP values and likelihood of patent grant increase,
and once above four, the SHAP values stay positive and level off. The backward citation
has been used as an indicator of knowledge flow from existing technology in the literature
(Jaffe et al., 1993), and can be a sign of patent value (Harhoff et al., 2003). In recent works,
Hur and Junbyoung (2021) uncovered the role of the network configuration of backward
citation on the value of invention because innovation is essentially a recombinant process
that involves searching and recombining different streams of knowledge. Hence, as modern
technologies are becoming increasingly complex, innovation building on existing technol-
ogy is an indispensable step to creating patentable and successful technology, suggesting
the strategy of reinventing the wheel is unlikely to succeed.

In Panel (b) of Fig. 5, the patent document page length (pages) also increases the likeli-
hood of patent grant. Patent length, as van Zeebroeck et al. (2009) noted, has risen steadily
over the years because as technology becomes more complex, more words are required to
describe and claim it. Patent page length, thus, can be interpreted as technology complex-
ity. Having short document length, thus low technological complexity is associated with
low SHAP value and also a low rate of patent grant, implying that a certain level of tech-
nological complexity is necessary for successful innovation and patent grant. The threshold
occurs at around 20. That is, below 20 pages, patent document length drastically increases
the likelihood of patent grant, and once beyond that threshold, the effect disappears.

Patent length differs from patent claim counts (right_no) in that the former relates to
technology complexity while the latter is often used as patent cope (Novelli, 2015). The
number of patent claims in Panel (c) shows that it increases the likelihood of a patent
grant and the threshold occurs at about 10. Thus, like technology complexity, a certain
degree of patent scope increases the likelihood of patent grants. While the other measure
of patent scope indicates the opposite. The length (character count) of the first patent claim
(nchar_right) is another commonly used measurement of patent scope—more words mean
less scope because a longer claim implies more conditions that must be met for the patent
to be violated, and vice versa (Kuhn & Thompson, 2019). It is shown in Panel (e) that the
length of the first claim monotonically increases the patent grant probability, suggesting
narrower patent scope increases the grant rate and thus resonating with Marco et al. (2019)
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for similar findings. Theoretically, the patent scope should be negatively correlated with the
likelihood of a patent grant because a greater scope translates to a larger set of technologies
from which the owner can exclude others from using (Marco et al., 2019). By this logic,
we argue that the length of the first claim is a better representation of the patent scope, as it
shows a monotonic relationship with the likelihood of patent grant in that narrower scope
indicates a higher possibility of patent grant. Our study echoes with Kuhn and Thompson
(2019) who argued the number of claim rights is a weak indicator of patent scope, because,
in our case, it contradicts that logic—a narrower patent is more likely to be granted.

Panel (e) presents the applicants’ previous success rate (app_rate2010) on the SHAP
values. There is almost a monotonic upward relationship between previous success rate and
SHAP value, implying the importance of prior experience in obtaining successful patent
grants. Panel (f) shows that the number of patent family (nfamily) increases the likelihood
of patent grants since applicants are more likely to seek international patent protection
for valuable patents. Moreover, for robustness, we explore the whole variables in Appen-
dix “The partial dependence plots” section using a similar method called partial depend-
ence plots (PDP), a similar technique that relates the feature value to the average predicted
patent grant rate. In addition to the six variables, we also lay out the relationships with
outcome variables for many other predictors.

Conclusion

Invention patent examinations take years to complete and the outcome is uncertain. Thus, the
patent application process creates a predicament where applicants need to publicize valuable
technologies while the outcome is unclear. An early prediction of whether a patent will even-
tually get granted, hence, helps reduce the uncertainty of intellectual property rights. This
study applies a number of appropriate (i.e. eligible in making a binary prediction based on
inputs of various data types) machine learning approaches for forecasting patent grants at the
early stage using patent and applicant level information. The central tenet is that early infor-
mation contained in the invention patent publication documents—such as abstract, document
length, backward citations, applicant’s prior experience, and patent family—can provide
evidence for the likelihood of a future patent grant. To this end, numerous patent features
were extracted from a comprehensive collection of invention patent applications publicized in
2011 from the CNIPA, and various machine learning models and interpretable methods were
applied to achieve two major goals pursued. The contributions of this paper thus come in two
folds—using machine learning methods to predict patent grants and interpreting the results,
which respectively correspond to the practical and theoretical implications of our study.

The first contribution is to implement machine learning models that integrate several
patent-level variables, including numerical, categorical, and textual data, under one single
machine learning framework to predict patent examination outcomes. The cross-validation
method is used to tune the model hyper-parameters. Once tuned, the XGBoost model,
accomplishing the best prediction performance among the models, is able to achieve 76.9%
accuracy of binary classification and 0.845 of the ROC-AUC value. The machine learn-
ing approach delivers a major improvement in out-of-sample prediction accuracy over the
baseline logistic classification model.

The practical implications of our accurate prediction model are substantial. For pat-
ent examiners, our model can help optimize the examination process by stratifying patent
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applications into groups of different predictive results. By doing so, examiners can make
better or faster judgments regarding the filed patent. For patent applicants, an accurate pre-
diction of the patent grant enables them to conduct a better cost-benefit analysis of whether
the benefit of a certain probability of protecting intellectual property outweighs its oppor-
tunity cost. Venture capitalists can also benefit from our model by evaluating the patent
portfolios of start-up firms whose patents are at the application stage, and then determining
the investment potential of the start-up firms. Additionally, in the technology market, early
prediction of examination outcomes may facilitate potential technology transactions even
before the final grant decision, since patents with property rights settled down are more
likely to be licensed and transferred (Gans et al., 2008). Therefore, our study represents a
significant step in predicting patent grants and reducing IPR uncertainty, and has important
practical implications for patent examiners, applicants, venture capitalists, and technology
markets.

Our second contribution goes beyond just building of prediction model, which usu-
ally lacks interpretability (Loyola-Gonzalez, 2019; Choi et al., 2021), but probes into the
black-box model to uncover the key determinants of patent grant and identify the marginal
contributes of input variables. Using the permutation-based feature importance metric, we
rank the key features in terms of their relative impact on the models. Moreover, we explore
a locally interpretable method called SHAP values and uncover the marginal contribution
of each feature to the model prediction for individual patents. Using the calculated SHAP
values, we create scatter plots that relate the real feature values to the respective SHAP val-
ues. The fitted loess curve in these scatter plots, known as SHAP dependence plot (Molnar,
2020), illustrates the relationship between the SHAP values and the actual feature values,
showing whether it increases or decreases the target and whether such a relationship is
in a linear, monotonic, or more complex way. Then, we also conduct a robustness study
using the more traditional partial dependence plot (PDP) to confirm our findings (Fried-
man, 2001).

Based on the interpretation, our study thus makes a number of theoretical contributions
to the literature on the patent examination process. The feature importance metric suggests
that only a handful of variables are the key determinants of patent grants. Variables such
as page length, backward citations, previous year success rate (prior experience), and the
number of patent family are some of the topmost prominent determinants of patent grants.
The feature importance metric consistently ranks pages, citing, app_rate2010 as the top
determinants by different machine learning models. In addition to individual experience,
where the applicant comes from, i.e., cities and countries of the applicant, though less sig-
nificant, also contribute to the prediction of patent grants. At the applicant level, resorting
to professional patent agent service also increases the likelihood of patent grants, espe-
cially those agents with high service quality, as suggested by agent_rate2010.

At the technology level, we uncover that a successful patent grant is closely related to
knowledge accumulation, technology complexity, and patent scope, which are embodied in the
backward citation, page length, and the number of claims. Backward citation, a patent makes
to related earlier patents and other sources of knowledge contain not only the information of
the cited patents but also how the cited resources relate to the citing patent (Higham et al.,
2021). It is often regarded as a sign of knowledge flow (Jaffe et al., 1993) and knowledge accu-
mulation (Schoenmakers & Duysters, 2010; Kwon & Geum, 2020). In our prediction models,
backward citations is one of the major determinants of a successful patent grant, suggesting
that a certain level of reliance on existing technologies, or knowledge accumulation, is essen-
tial for the patent grant and that successful modern technology needs to stand on the shoul-
der of giants. Even though a patent grant requires a certain level of novelty and inventiveness
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(Liegsalz & Wagner, 2013), we show that equally important is knowledge accumulation based
on pre-existing technologies. Patent length indicates the technological complexity in that the
more complex the technology is more words are required to describe and claim it (van Zee-
broeck et al., 2009). A high level of patent length, hence technology complexity, increases the
likelihood of patent grants. The same applies to the number of patent claims, indicating pat-
ent scope. Notably, all three, backward citation, patent length, and the number of claims have
curvilinear relationships with the outcome variable—there exists a cutoff effect, once beyond
a certain level of backward citation (4 citations), patent length (20 pages), and the number of
patent claims (12 claims), the marginal contribution of these variables stay roughly constant.
Our result also highlights the other measurement of patent scope, length of the first claim,
and finds that narrower patent scope is associated with a higher likelihood of a patent grant,
resonating with the previous work by Marco et al. (2019). It thus creates a conflicted implica-
tion for the effects of patent scope—while measured in the length of the first claim, the pat-
ent scope is negatively correlated with the patent grant; measured in the number of claims, it
however suggests the opposite. Such contradiction, we believe, comes from the inconsistent
measurement of patent scope, which should need to be solved in the future study.

A larger patent family contributes positively to the likelihood of patent grants because
more valuable patents tend to seek international protection. In comparison, many other
patent variables are not as important. For instance, technology range (the number of IPC
labels), inventor team size, and examination duration all have little effect on the likelihood
of a patent grant as suggested in the result interpretation.

In a nutshell, our interpretable machine learning approach, complementing the tradi-
tional regression method that focuses on one or two key variables in the patent examination
process, takes a comprehensive approach, investigates all the patent-related variables we
can get, ranks the features in terms of its important contribution to patent grant, delineates
the correlation between each variable and the likelihood of patent grant, and uncovers that
knowledge accumulation, technology complexity, and patent scope are the major determi-
nants to patent grant. Most of the key determinants positively correlate with the likelihood
of patent grants in a curvilinear fashion.

Limitation and future extension

Our study is not without limitation. Though XGBoost and other machine models with the
BoWs approach are effective ways to predict patent grants in our case, it however may not
be the optimal way to extract information from textual data. The BoWs approach disre-
gards the word orders and hence ignores the semantic meaning of textual information. It is
possible that recurrent neural network models (RNN) with deep learning methods could do
a better job extracting textual information and improve the prediction accuracy (Chung &
Sohn, 2020). Also, although we include as many patent features as possible, due to the data
limitation, we did not include patent examiner characteristics and did not consider different
patent systems other than the CNIPA. It is thus unclear how some of our theoretical con-
clusion extends to other countries. One future extension is to investigate how international
patent offices differ in terms of influencing factors to patent grant.

For future research, our study exemplifies the application of interpretable machine
learning methods, such as permutation-based feature importance, SHAP values, and
partial dependence plots in the field of technology forecasting (Molnar, 2020). We
believe these methods are powerful tools to explain what happens in black-box mod-
els and reveal the underlying mechanisms that merit theoretical explanations. Such
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application could be potentially used to explain what determines emerging technology
(Lee et al., 2018; Choi et al., 2021), scientific breakthrough (Kwon & Geum, 2020),
technology convergence (Cho et al., 2021), etc.

On the theoretical front, our results point to the importance of knowledge accumula-
tion in determining the success of patent grants. We notice that there still exists limited
research on how knowledge accumulation affects the success of emerging technologies.
Numerous concepts of knowledge accumulation could be extracted from patent back-
ward citation information—especially variants such as average quality, country origins,
and technology cycle time of knowledge accumulation—on the future performance of
the technology. Also, we find conflicting results on how patent scope affects the patent
grant. On one hand, we show that smaller patent scope, as indicated by a longer first
claim, is associated with a higher likelihood of patent grant, thus confirming Marco
et al.’s (2019) findings. On the other, our results also suggest that the number of claims,
another common measure of patent scope, is positively associated with the likelihood
of a patent grant. The conflicting result calls for further investigation to answer: which
variable is the more appropriate measurement of patent scope and what is the real effect
of patent scope on patent grant?

Appendix

Table of literature review

Feature selection

While machine learning models are good at handling large dimensions of inputs variables,
there is a consequence of using non-informative predictors in that they could add uncertainty
to the predictions and reduce the overall effectiveness of the model (Kuhn & Johnson, 2013).
Hence, the logic behind feature selection is that removing non-informative features could
improve model prediction performance. We measure the informativeness using the difference
between variable distributions of the granted and rejected groups. The intuition is that, the
more different distributions of the focal variable between the granted and rejected are, the
more informative that variable is. Thus, we calculate the differences between the pair for each
feature and we believe the difference is proportional to the usefulness of features.

The distribution distance are illustrated in Fig. 6. The blue density distribution indicates
the granted sample while the yellow distribution indicates the rejected sample. The extent
to which the two distributions differ indicates is the evidence of informativeness of that
focal predictor.

We apply two well-established approaches to measure the distributional difference.

Kolmogorov-Smirnov test (KS test)
KS test is a form of minimum distance estimation used to compare two datasets. The KS
statistic quantifies a distance between the empirical distribution functions of two groups

of samples. The two-sample KS test is one of the most useful and general nonparametric
methods for comparing two samples, as it is sensitive to differences in both location and
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Fig.6 The different between distribution of the granted and th rejected

shape of the empirical cumulative distribution functions of the two samples. The KS test
is based on the maximum distance between these two curves produced by two empirical
cumulative distribution functions. The KS test statistic is defined as:

Dn = max (Fa(Yy) = Fy(Yy)) ©)

where F is a theoretical cumulative distribution of the distribution being tested which must
be a continuous distribution. The statistic evaluates the greatest separation between the
cumulative distribution F, and F,. When F, # Fy, larger values of D are expected.

Jensen-Shannon divergence

JS divergence is based on Kullback-Leibler (KL) Divergence divergence, a method of
measuring statistical distance sometimes referred to as relative entropy. KL calculates a
score that measures the divergence of one probability distribution from another. It can be
used as a distance metric that quantifies the difference between two probability distribu-
tions. If F, and F, represent the probability distribution of a discrete random variable, the
KL divergence is calculated as a summation:

F.(x)7
Fp(X)

> L
KL(F,lIF,) = F,(x)log 4)

@ Springer
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The intuition for the KL divergence score is that when the probability for an event is large,
but the probability for the same event is small, there is a large divergence. When the prob-
ability from is small and the probability from is large, there is also a large divergence, but
not as large as the first case.

JS divergence extends KL divergence to calculate a symmetrical score and distance
measure of one probability distribution from another. The JS divergence can be calculated
as follows:

KL(FallFw) | KLFo[IFw)

\]S(Fa”Fb) = 2 2

®)

where Fy, is calculated as:

_Fa+F

M > (6)

Based on both information from the KS and JS statistic measurement of the distributional
difference between the granted and rejected, we select the relatively more informative fea-
tures as predictors of our machine learning models.

The permutation feature importance

Permutation feature importance measures the increase in the prediction error of the model
after the features’ values are permuted. The idea is intuitive—if shuffling a feature value
increases the model error more, then the model relied on this feature for the prediction to
a greater degree. A feature is hence “unimportant” if shuffling its values leaves the model
error unchanged because, as we can interpret, the model ignored the feature for the predic-
tion. This method was initially introduced Breiman (2001) for random forest, and extended
to a model-agnostic version by Fisher et al. (2019). The permutation feature importance
algorithm we use was based on Fisher et al. (2019):
Input: trained model f, feature matrix X, target vector y, error measure L(y, f).

1. Estimate the original model error €, = L(Y, f(X))(e.g. R-square or mean squared error)
2. For each feature j € {1,...,p}do:

— Generate feature matrix Xgerp, by permuting feature j in the data X. This breaks the
association between feature j and true outcome y.

— Estimate error €y, = L(Y, f(Xperm)) based on the predictions of tleme permuted data.

— Calculate permutation feature importance as quotient Flj = == or difference

eorig

I:Ij = €perm — Corig
3. Sort features by descending FI

In practice, we use the vi_permute command in the R package vip to generate feature
importance for XGBoost, random forest, SVM, LASSO, and Logit.
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The partial dependence plots

The SHAP dependence plot shows a fitted curve for a scatter plot of the SHAP values
and the actual feature values, illustrating the relationship between the two, whether it is
a linear, monotonic, or more complex relationship.

The more traditional way to present the interrelation as a visualization tool is the
Partial Dependence Plot (PDP) proposed by Friedman (2001), which is able to illus-
trate how each variable affects the chance of patent grant. The difference between the
SHAP dependence plot and PDP is that first, the y-axis of the SHAP dependence plot
is the SHAP value (or marginal contribution) while the y-axis of PDP is the average
prediction. Thus, the y-axis in the SHAP dependence plot is centered on zero, while it
is centered on 0.46 (the average grant ratio) for PDP. Second, SHAP dependence is able
to present more information, such as the distribution of individual samples. Yet, PDP
is a more well-accept and applied tool for model interpretation. We apply PDP for the
robustness of our results.

Given the output function f{x) of machine learning algorithm, the partial dependence
of fon variable X; is defined as (let ¢ be the complement set of s )

f3(x,) = Exc[f(xs,xc)] :f f(Xg, X )AP(X,) )

where the PDP f° is the expectation of f over the marginal distribution of all variables
except for x,. In practice, PDP is estimated by taking average over the training data with
fixed X,

_ z ~
Fo(x,) = % = 1 (%, X)) ®)

I

PDP plots indicate direct causal effect of a variable s on the outcome variable if the back-
door condition is satisfied (Zhao and Hastie, 2021). We admit that some of the variables
are likely endogenous or descendants of other variables in the terminology of the directed
acyclic graph (DAG). For instance, the variable duration, the time duration between appli-
cation and publication, can be affected by other confounding variables. Though may not be
explained in a causal manner, nonetheless many of the high correlation nature are worth
pointing out.

Figure 7 illustrates 12 PDP plots for the major predictors. To keep the plots com-
parable, we limit the y-axis ranging from 0.4 to 0.6 and the x-axis according to the
distribution of each predictor. Note that from Panel (a) to (f), the PDP generates simi-
lar relational patterns between the predictors and output variable as ones from Fig. 5.
Backward citation, patent length, number of claims, length of the first claim, grant rate
of the previous year, and patent family all show up a similar pattern of positive correla-
tion with the outcome variable. For backward citation, patent length, and the number of
claims, there exists a threshold effect. Once beyond 4 for citing, 20 for pages, and 10
for right_no, the marginal benefits of these variables stay positive and constant. While
nchar_right, app_rate2010, and nfamily all show up a monotonic increasing relationship
with the outcome variable. Hence, PDP confirms the relationships of the predictors and
outcome variables as suggested and discussed in our main paper.

Patent length or pages increase the likelihood of a patent grant. There are nota-
ble data outliers with one or two pages, and these are patents with an above-average
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Fig.7 The partial dependence plots of major variables

grant rate. It is also present in Panel (b) of Fig. 5 that there are four blues dots on the
upper left corner. There are possible data anomalies but it does not interfere the model
interpretation.

Besides the six major variables, we also explore other less important yet noteworthy
predictors. The agent success rate in the previous year, agent_rate2010, increases the like-
lihood of patent grant, suggesting relying on a high-quality patent agent could help the
examination outcome. Agent application load, agent; req, initially increases but eventually
decreases the patent grant rate. Application frequency in the same year, app_freq, could
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lower the outcome variable because too many applications can be distracting. Panel (i)
shows that the duration between application and publication has a complex relationship
with the outcome variable. Panel (k) shows that Inventor numbers have little effect on the
likelihood of patent grant. There is a slight increase for a higher number of inventors. Panel
(1) shows the length of the abstract, nchar ab, which increases the patent grant because it
may indicate the technology complexity similar to patent length.

It is also interesting to note, Panel (m) and (o) show forward citation and the number of
IPC assigned have little predicting power of whether a patent gets granted or not.
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