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Although technology valuation has benefited considerably from recent advances in machine learning technology,
the results of prior studies in this field are of limited use in practice because they rely solely on black box models
whose internal mechanisms are hidden. We develop an analytical framework for successful expert-machine
collaborations for technology valuation using interpretable machine learning that makes a model’s behaviors and
predictions understandable to humans. First, a technological characteristics-economic value matrix is con-
structed using patent and technology transaction databases. Second, machine learning models are developed to
examine the nonlinear and complex relationships between the technological characteristics and economic value
of technologies. Third, the performance of the machine learning models is assessed using quantitative metrics.
Finally, the SHapley Additive exPlanation method is applied to the best-performing model to explain which
technological characteristics influence the economic value of technologies. By these means, we investigate the
importance of the features of technological characteristics (and their interactions) in technology valuation and
offer theoretical and practical implications of the analysis results. A case study of the technologies registered in
the Office of Technology Licensing at Stanford University confirms that our framework is a useful complementary
tool for technology valuation.

1. Introduction

Technology valuation is a challenging task because the economic
value of technologies is affected by many uncertain factors and the
ground truth of analysis results can be ascertained only after commer-
cialization of the technology (Fischer and Leidinger, 2014). The first
official valuation of technology was performed by the New Deal’s Na-
tional Resource Commission to examine the potential of 13 major in-
ventions and predict the economic and technological impacts of these
technologies (Coates et al., 2001). Since then, technology valuation
methods have evolved through various stages with shifts in perspectives,
focuses, and approaches in the public and private sectors. Historically,
early research focused on developing expert-centric (Chiu and Chen,
2007) and model-based approaches (Park and Park, 2004), whereas
recent literature presents a trend towards developing data-driven ap-
proaches (Chung and Sohn, 2020; Kim et al., 2021; Ko et al., 2019; Lee
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et al., 2018). In particular, technology valuation has substantially
benefited from recent advances in machine learning technology, i.e.,
models and methods used to examine and discover meaningful patterns,
relations, and insights within an immense volume of data across het-
erogeneous sources (Chen et al., 2012).

Organizations should aim to use a variety of approaches within their
resource limitations to deal with the high level of uncertainty and
complexity associated with technology valuation, although the domi-
nant approach in practice is based on expert appraisals (Kim et al.,
2021). Experts and machine learning technology have different skills
that can create synergies and overcome each other’s limitations. Spe-
cifically, experts can integrate knowledge from heterogeneous sources,
whereas the strength of machine learning technology lies in its ability to
compute large-scale data at the lowest level of granularity (Jarrahi,
2018). However, while various machine learning models (mostly su-
pervised machine learning algorithms) have reduced the time and cost
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associated with technology valuation, the results of prior studies are of
limited practical use. This is because these studies relied solely on black
box models that do not reveal their internal mechanisms and thus do not
assist expert decision-making and communication among various
stakeholders effectively (Gunning and Aha, 2019; Gunning et al., 2021;
Molnar, 2020). The daunting challenge of combining the generally high
level and comprehensive thinking of experts with the efficient pattern
analysis of machine learning technology is possible and worth the effort
(Lee, 2021).

The key to successful collaborations between experts and machine
learning technology for technology valuation is interpretability, which
makes the models’ behaviors and predictions understandable to humans
and further transfers learning into a knowledge base. Interpretability is
closely related to the human desire to find meaning and manage social
interaction (Miller, 2019). When it is integrated into machine learning
models, interpretability engenders user trust, provides insights into how
a model may be improved, and supports understanding of the process
being modeled (Du et al., 2019). For instance, if the results of machine
learning models differ from those of experts, the inconsistency is
reconciled by verifying, interpreting, and understanding how machine
learning models arrived at their conclusions. If machine learning models
can explain their mechanisms, it is easier for experts to assess the val-
idity and reliability of the analysis results and manage communications
among multiple stakeholders (e.g., communications among inventors,
licensing managers, and potential licensees).

In this study, we develop an analytical framework for successful
expert-machine collaborations for technology valuation using inter-
pretable machine learning that makes the model’s behaviors and pre-
dictions understandable to humans. Our review of previous methods
identifies three main issues central to this challenge, as follows. First, in
terms of the inputs and outputs of machine learning models, distinct
technological characteristics of technologies should be incorporated into
the analysis model because technological factors are the most basic
consideration in technology valuation processes, especially for early-
stage technologies (e.g., technologies at the proof-of-concept or proto-
type stage) (Kim et al., 2021; Ko et al., 2019; Lee et al., 2016, 2018;
Reitzig, 2004). In this respect, patent databases are considered a valu-
able data source because (1) patents contain detailed technology in-
formation across a wide spectrum of fields in a highly structured format
and (2) an extensive number of patents has accumulated over a long
time (Lee, 2021). Furthermore, any approach that is proposed should
measure the monetary worth of technologies to give practical assistance
(Kogan et al., 2017; Park and Park, 2004), although previous studies
employ indirect post-grant outcomes such as patent forward citations
and patent renewals (Higham et al., 2021). Second, with respect to the
model development, the relationships between technological charac-
teristics and the economic value of technologies are characterized by
complexity and nonlinearity (Kim et al., 2021). These relationships
cannot be generalized easily. Furthermore, they differ across technology
fields and even individual technologies, which makes the use of explicit
mathematical models difficult in practice (Lee et al., 2018). Hence, any
approach that is proposed should adopt context-specific data-driven
approaches and use nonlinear models (e.g., multilayer perceptron and
ensemble models) instead of traditional linear models (e.g., linear
regression and logistic regression). Finally, regarding the analysis re-
sults, technology valuation is recognized as an iterative and interactive
process in practice where human intelligence is indispensable and
communications among multiple stakeholders are essential (Baek et al.,
2007). Hence, any approach that is proposed should provide a practical
tool for explaining predictions to experts with diverse knowledge and
backgrounds and for improving the effectiveness of communications.

With these considerations in mind, our analytical framework is
designed to be executed in four discrete steps. First, a technological
characteristics—economic value matrix is constructed using patent and
technology transaction databases. Second, five supervised machine
learning algorithms—i.e., multilayer perceptron (MLP), support vector
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machine (SVM), factorization machine (FM), random forest (RF), and
extreme gradient boosting (XGBoost)—are employed to model the
nonlinear and complex relationships between technological character-
istics and the economic value of technologies. Third, the performance
and reliability of the machine learning models are examined using
quantitative metrics. Finally, the SHapley Additive exPlanation (SHAP)
method is applied to the best-performing model to explain which tech-
nological characteristics influence the economic value of technologies.

We apply our analytical framework to 1698 technologies registered
with the Office of Technology Licensing (OTL) at Stanford University.
Based on this, we investigate the importance of the features of techno-
logical characteristics (as well as their interactions) on the economic
value of technologies while offering the theoretical and practical im-
plications of the analysis results. In particular, we observe that the im-
plications of the features (mainly ex-ante patent quality indicators) vary
according to the context of technology valuation, necessitating more
research on the appropriate combination of the context of technology
valuation and the features of technology characteristics used. Further-
more, machine learning models can create synergies with expert
appraisal, reducing the number of technologies that need to be assessed
by experts. To achieve this, practitioners should consider using
nonlinear machine learning models for technology valuation because
our analysis results confirm, with statistically significant outcomes, that
nonlinear models noticeably outperform linear models. It is expected
that the proposed analytical framework is a useful complementary tool
for technology valuation and serves as a starting point to gain a deeper
understanding of the relationships between technological characteristics
and the economic value of technologies.

The remainder of this paper is organized as follows: Section 2 pre-
sents the research background. Section 3 explains the data and analyt-
ical framework, which is then illustrated through a case study of the
technologies registered in the OTL at Stanford University in Section 4.
Section 5 discusses the quality of model interpretation and presents the
theoretical and practical implications of the analysis results. Finally,
Section 6 concludes with the limitations of the current study and sug-
gests future research directions.

2. Theoretical background
2.1. Data-driven approaches to technology valuation

The dominant data-driven approach to technology valuation uses
patents, which are considered a crucial precursor to innovation (Traj-
tenberg, 1990). A variety of patent-based technology valuation methods
have been developed using various techniques. Historically, early
studies focused on developing curve-fitting techniques (Shin et al.,
2013) and stochastic models (Jang et al., 2017; Lee et al., 2012),
whereas recent literature presents a trend towards developing super-
vised machine learning models to examine the nonlinear and complex
relationships between technological characteristics and technology
value (Chung and Sohn, 2020; Kim et al., 2021; Ko et al., 2019; Lee et al.,
2016, 2018; Woo et al., 2019).

Prior studies have presented various supervised machine learning
models for technology valuation, which can be classified into three
broad categories based on the type of data and methods employed. The
first group relies on the bibliometric information of patents (as a proxy
for the technological characteristics of patents) and indirect measures of
technology value (e.g., patent forward citations and patent renewals) for
patent valuation. For instance, Lee et al. (2018) developed an MLP
model to predict the number of forward citations of patents using mul-
tiple ex-ante patent indicators that can be extracted immediately after
the relevant patents are issued. Choi et al. (2020) similarly presented an
MLP model to predict the likelihood that a patent will survive until its
maximum expiration date using 24 internal and external patent in-
dicators and historical maintenance fee event data. These approaches
can be used after the relevant patents are issued. Focusing more on the
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timing of the approaches, the second group uses the textual information
of patents and indirect measures of technology value to assess the value
of technological ideas in the early stages of technology development. For
instance, Woo et al. (2019) proposed a k-nearest neighbors method to
screen early-stage ideas by associating the technical contents of ideas
embodied in patents with their forward citation counts. Hong et al.
(2022) presented a word2vec and convolutional neural network
approach to associate the technical descriptions of ideas implied in
patents with the number of patent forward citations as a proxy for the
technological value of ideas. Specifically, word2vec is used to examine
the semantic relationships among words and construct matrices repre-
senting the technical content of ideas implied in patents. A convolu-
tional neural network is used to model the nonlinear relationships
between the matrices and the number of patent forward citations. These
approaches can screen early-stage ideas using only the technical de-
scriptions of the ideas, enabling more prompt analysis for technology
valuation. Finally, focusing on the directly observed economic value of
technologies, Ko et al. (2019) proposed a deep learning model to assess
patent transferability using 36 internal and environmental patent in-
dicators. Kim et al. (2021) developed an RF model to assess the eco-
nomic value of technologies (i.e., a set of patents) using patent,
publication, and technology transaction databases.

The results of previous studies have proven quite useful within
various contexts of technology valuation. In particular, previous ma-
chine learning models have been found effective in identifying the least
valuable technologies in the early stages of technology development,
rather than identifying breakthrough technologies. However, the results
of prior studies have been of limited use in practice because they have
relied solely on black box models whose internal mechanisms remain
hidden. For problems and tasks associated with a high level of uncer-
tainty and complexity (e.g., technology valuation), experts prefer
models and systems that provide decisions with explanations over those
that provide only decisions (Gunning and Aha, 2019). Explanations are
also more helpful when machine learning models are incorrect and
particularly valuable in edge cases (i.e., identifying breakthrough
technologies) (Gunning et al., 2021). That is, if machine learning models
for technology valuation can explain their mechanisms, it is easier for
experts to understand the rationale behind the models’ decision, assess
the validity and reliability of the analysis results, incorporate the anal-
ysis results into expert appraisals, and manage communications among
multiple stakeholders to provide final valuation outcomes. Furthermore,
the performance of machine learning models can be improved based on
the experts’ feedback (Molnar, 2020). This provides our underlying
motivation and is fully addressed in this study.

2.2. Interpretable machine learning

Interpretable machine learning is based on the mechanisms of how
humans explain decisions and behave with each other. Although a
considerable body of literature has emerged in the last couple of years,
interpretable machine learning has a much longer tradition, which can
be divided into two categories: intrinsic interpretability and post-hoc
interpretability models. Intrinsic interpretability is achieved by con-
structing machine learning models that incorporate interpretability
directly into their structures by making certain distributional assump-
tions or restricting the model complexity. This category includes
regression models and decision trees. For instance, the results of linear
regression are interpreted by examining the model structure and the
weights in terms of the effects that the features have on the prediction.
The results of decision trees are interpreted by examining the trained
model structure and tracing how the model makes predictions. While
these methods are simple to use, they cannot capture the complicated
patterns or nonlinear relationships between features and targets. To
address the lack of interpretability of nonlinear and complex machine
learning models, post-hoc interpretability models have model-agnostic
interpretation methods to assess the contribution of features to an
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individual prediction and determine why the model makes a particular
decision given certain features. By examining the predicted outputs for
pairs of features, these model-agnostic interpretation methods can be
applied to any kind of machine learning models. They can also interpret
the behaviors and predictions of models without sacrificing their pre-
dictive power.

Among various interpretable machine learning methods such as local
interpretable model-agnostic explanations (LIME) (Ribeiro et al., 2016)
and Anchors (Ribeiro et al., 2018), SHAP is the most scientific model-
agnostic method because it is based upon the solid theoretical back-
ground of Shapley values (Shapley, 1953) and reduces the time required
to compute these values. SHAP calculates the marginal contribution of
features by computing the predicted value with and without the feature
value and calculating the difference (Lundberg and Lee, 2017; Lundberg
et al., 2018). Here, the importance value of a feature can be separated
into interaction and main effects, enabling the calculation of local
interaction effects (Lundberg et al., 2020). Furthermore, individual local
interpretations in SHAP are combined to provide global interpretations,
resulting in better consistency between local and global interpretations
(Lundberg et al., 2020).

3. Data and methodology

The overall process of the proposed analytical framework is shown in
Fig. 1. The framework is designed to be executed in four discrete steps:
constructing a technological characteristics—economic value matrix;
assessing the economic value of technologies; identifying the best per-
forming model; and finally, understanding the model’s behaviors and
predictions.

3.1. Constructing a technological characteristics—economic value matrix

This study uses an integrated technology database that is developed
by linking patent and technology transaction databases to measure
technological characteristics and the economic value of technologies.
Specifically, we use the technology transaction database of the OTL at
Stanford University. Since its inception in 1970, the OTL at Stanford
University has been pivotal in the field of university technology transfer.
Cumulatively, it has >11,000 technology disclosures, has completed
>3500 license agreements, and has generated over $1.8 billion in rev-
enue for the university and Stanford inventors. From the technology
transaction database, we consider 1643 technologies issued with U.S.
patents up to July 2014 because (1) universities only apply for patents if
the commerecial viability of a technology is known (Thursby et al., 2001)
and (2) sufficient time must elapse before it can be determined whether
a technology is economically valuable or not (Kim et al., 2021). Note
that the ground truth of the economic value of a technology can be
ascertained only after commercialization of the technology. We then
match the technologies in the technology transaction database to the
patent information in the United States Patent and Trademark Office
(USPTO) database, using the patent numbers. Here, the number of
patents can be higher than the number of technologies because some
technologies are issued with multiple patents. For technologies that are
associated with multiple patents, we match the technology with all the
patents that belong to the technology. Finally, the technology trans-
action database is integrated with the patent information after the
relevant 2288 patents for the technologies in the technology transaction
database are collected and parsed based on their structures to distin-
guish each patent document based on its content (e.g., classes and
claims).

A technological characteristics—economic value matrix is con-
structed from the integrated technology database. In terms of the tech-
nological characteristics, prior studies have presented many indicators
that may be indicative of the value of relevant technologies. However,
some of these indicators are unsuited to the valuation of early-stage
technologies. For example, patent generality, which has been widely
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Data collection and preprocessing:

Constructing a technological characteristics-economic value matrix

Data scraping/parsing
techniques and
bibliometrics

* Integrated technology database
* Technological characteristics-econpmic value matrix

Model development:

Assessing the economic value of technologies

Machine learning

* Trained machine learning models (fi.e., MLP, SVM, FM, RF, XGBoost)

» Estimated economic value of techrjologies

Model evaluation:
Identifying the best performing model

Quantitative
performance
evaluation

* Performance metrics (i.e., accuracy, precision, recall, and F1-score)

* Best performing model (i.e. XGBopst)

Model interpretation:

Understanding the model’s behaviors and predictions

SHapley Additive

exPlanation

» Feature importance at the local and global levels
» Feature interactions

Fig. 1. Overall process of the proposed analytical framework.

used as a proxy for the scope of technological impact on subsequent
inventions, cannot be used for the valuation of early-stage technologies
because this indicator is based on patent forward citation information,
and a substantial period of time must elapse for the relevant patents to
be cited (or alternatively, to fail to be cited) (Reitzig, 2004). Based on the
results of the literature review, we use 21 ex-ante features of techno-
logical characteristics that are available near patent grants and before
licensing contracts, as summarized in Table 1. The features are divided
into six categories according to their characteristics and implications:
(1) technological novelty and originality, (2) technological scope, (3)
technological superiority, (4) market coverage, (5) development efforts
and capabilities, and (6) sponsorship and marketing. The features that
belong to the same category measure similar concepts (e.g., prior
knowledge and scientific knowledge) or measure the same concept at
different levels (e.g., main class count and subclass count). A full
description of how the features are associated with the value of relevant
technologies is provided in Appendix A.

As a measure of the directly observed economic value of technolo-
gies, this study considers the royalty payments for a technology gener-
ated from licensing contracts (Kim et al., 2021; Min et al., 2021; Thursby
et al., 2001). Specifically, following Kim et al. (2021), Hong et al.
(2022), Lee et al. (2018), and Woo et al. (2019), we group the value of
technologies into three categories using ordinal scales, as presented in
Table 2. However, it should be noted that the proposed analytical
framework is not limited to this level and can examine other types of
direct measures (e.g., whether a technology is licensed or not (Kim et al.,
2019) and patent auction prices (Fischer and Leidinger, 2014)) and
more segmented value classes. Indirect measures based on patent for-
ward citations (Hong et al., 2022; Jang et al., 2017; Lee et al., 2012,
2018; Shin et al., 2013; Woo et al., 2019) and patent renewals (Choi

et al., 2020) can also be employed.

The resulting technological characteristics—economic value matrix is
a 1644 x 24 matrix, which is used to train the machine learning models.
The matrix is not reported here in its entirety given the space con-
straints, but a portion of the matrix is presented in Section 4. In the table,
the first column represents the identifier of technologies followed by 21
features of technological characteristics, while the last two columns
represent the categorized value of technologies.

3.2. Assessing the economic value of technologies

Given the uncertainty and complexity associated with technology
valuation, we employ five machine learning models, i.e., MLP (Friedman
et al., 2001), SVM (Cortes and Vapnik, 1995), FM (Rendle, 2010), RF
(Ho, 1995), and XGBoost (Chen and Guestrin, 2016), to assess the eco-
nomic value of technologies. MLP, SVM, and RF have presented a high
performance in examining the relationships between quantitative in-
dicators and the value of technologies (Choi et al., 2020; Kim et al.,
2021; Ko et al., 2019; Lee et al., 2018). FM and XGBoost have achieved
excellent predictive performance in many fields, although they have not
yet been applied to technology valuation. Considering the diverse ob-
jectives of technology valuation, these models are used to assess the
economic value of technologies in two ways (described in Fig. 2). The
first classifies a technology into two classes (L and NL) based on the
probability of the technology being licensed or not, while the second
classifies a technology into two categories (L1 and L2) based on the
expected economic value of the technology.

In this section, we explain XGBoost, which is identified as the best
performing model in Section 4 (see Appendix B for the other models).
XGBoost is an efficient algorithm for constructing the gradient-boosted
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Table 1
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Summary of the features of technological characteristics employed in this study.

Category Data source

Feature

Operational definition

References

Technological novelty Patent database

and originality

Technological scope Patent database

Technology

transaction database
Technological superiority Patent database
Technology
transaction database

Market coverage Patent database
Technology
transaction database
Development efforts and Patent database

capabilities

Sponsorship and
marketing

Technology
transaction database

Technology age (TA)

Prior knowledge (PK)
Scientific knowledge
(SK)

Technology cycle time
(TCT)

Main class-level
originality (MCO)
Subclass-level
originality (SCO)
Examination time (ET)

Patent count (PC)

Main class count (MCC)
Subclass count (SCC)
Bio science relevance
(Bio)

Independent claims (IC)
Dependent claims (DC)
Federal government
fund (FGF)

Edison awards winner
(EAW)

Patent family (PF)

Application area (AA)

Human resources (HR)
Collaboration (Col)

Sponsors (Spon)
Recipients (Recip)

The amount of time between a technology being registered in
the OTL and being licensed (or the current time)

Number of backward citations of the patents for a technology
Number of non-patent literature references of the patents for a
technology

Median age of cited patents

Herfindahl index on classes of cited patents
Herfindahl index on mainline subclasses of cited patents

Time difference between the first patent publication and the
patent application
Number of patents for a technology

Number of main classes of the patents for a technology
Number of mainline subclasses of the patents for a technology
1 if a technology is related to bio science, otherwise 0

Number of independent claims of patents for a technology
Number of dependent claims of patents for a technology

1 if technology development is funded by federal governments,
otherwise 0

1 if a technology wins the Edison awards, otherwise 0

Number of patents registered in multiple countries with the
coverage of the same invention
Number of potential application areas of a technology

Number of inventors of the patents for a technology

1 if patents for a technology have more than one assignee,
otherwise 0

Number of sponsors for technology development

Number of marketing recipients

Fischer and Leidinger (2014)

Harhoff et al. (2003)
Callaert et al. (2006)

Bierly and Chakrabarti
(1996)

Bessen (2008); Jaffe and
Trajtenberg (2002)

Higham et al. (2021)

Hirschey and Richardson
(2004)
Lerner (1994)

Lanjouw and Schankerman
(2001)
Corredoira et al. (2018)

Guellec and de la Potterie
(2000)

Ma and Lee (2008)
Ma and Lee (2008)

Wright et al. (2014)

Table 2

Three categories of technologies depending on their economic value.

decision tree, which is an ensemble learning method using a sequence of
decision trees (Friedman, 2001). The gradient-boosted decision tree first

builds a base decision tree estimating the value of the target variable and

Category Subcategory Economic value  Number of technologies then adds a series of decision trees estimating residuals produced by
Licensed (L)  Highly valuable (L1) ~ Above $500,000 68 (4.14 %) previous trees with the aim of improving the overall estimation per-
. Valuable (L2) 0-$500,000 768 (46.74 %) formance. Given a dataset with n samples and m features D = {(x;,yy),i =
Not licensed (NL) 0 807 (49.12 %) 1,...,n}, where x; = (xj1,Xi2, ..., Xim) denotes an m-dimensional feature
Sum 1643 (100 %) . : .
vector with the corresponding output y;, the model predicts the output
by using K additive functions, as given in Eq. (1).
Machine Machine
learning learning
model model
— Highly valuable (L1)
— Licensed (L)
— Valuable (L2
Ex-ante (L2)
technological |
characteristics

of a technology

— Not licensed (NL)

Fig. 2. High-level description of the data and machine learning models for two primary analyses.
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where F = {f(x) = wy}(q : R™ - T,w € RY) is the space of trees, q
represents the structure of each tree mapping a data sample to the
corresponding leaf index, and T is the number of leaves in the tree. Each
fk represents an independent tree structure q and leaf weights w. More
specifically, the prediction y is made by adding the previous prediction
at time t — 1 and the estimated residual at time t in an iterative manner,
as given in Eq. (2).

59 =5 4 fi(x), @)

where i is the index of data samples and t is the index of iterations. The
model is then trained by minimizing the objective function combining a
differentiable convex loss function and regularization term that helps to
smooth the final weights to avoid overfitting, as given in Eq. (3).

JO(p Z 1(5;

Here, [ is a loss function and Q is the regularization term for penal-
izing the complexity of the model. The regularization term is defined by
using the number of leaves and the leaf weights, as given in Eq. (4).

+ft x,) yi) +Q(f7) 3

1
Q(f) :}’T+E/1||Wj||2 4)

Here, y is the complexity of each leaf, 1 is a parameter to scale the
penalty, and wj is the vector of leaf weights of the jth leaf. Unlike general
gradient boosting, XGBoost uses the second-order approximation to
optimize the objective function efficiently, as given in Eq. (5).

=3t

Here, g = 04, w1y, ¥

) +gm(x,»)+%hiﬁ2(x,»)} +Q(f) ®)

~(t-1)

") and h; = 0 l(y;, 7" 1>) are the first-
y

and second- order gradient statistics on the loss function, respectively. By
removing the constant terms, Eq. (5) can be simplified into Eq. (6).

n

— 1
70 = 3 st + 5007 ) | + ) ©)

By defining I; = {i| g(x;) = j} as the set of data samples of leaf j and
expanding Q, the approximation of the objective function can be
rewritten as Eq. (7).

5o i)

J=1 icl;

+7T @

For a fixed tree structure g(x), the optimal weight w;* of leaf j is
computed as given in Eq. (8).
G]

Vi T T H ®

Here, G; = > g and H; = ) h;. Finally, the optimal objective func-

i€l; i€l;

tion for a tree structure can be obtained as Eq. (9).

1 Z
:752

This can also be used as a scoring function to measure the quality of a
tree structure q. A greedy algorithm is used to find the best split because
it is impossible to enumerate all the possible tree structures. The final
XGBoost model is obtained by iteratively generating a tree that adds
branches to maximize the information gain, as formulated in Eq. (10).

yand 9
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(10)

Information Gain =

3.3. Identifying the best-performing model

The performance of the five machine learning models for technology
valuation is assessed using quantitative performance evaluation metrics
based on 5-fold cross-validation techniques, after their confusion
matrices are generated. k-Fold cross-validation techniques partition data
into k equally sized folds and perform k iterations of training and vali-
dation (Friedman et al., 2001). In each iteration, k — 1 folds are used for
training a model while the remaining fold is used for validation. Upon
completion, k samples of the performance evaluation metrics are com-
bined to derive the average per-fold estimates.

Although accuracy is a basic metric (Eq. (11)), it can yield misleading
results in this study because the number of highly valuable technologies
is quite low. We employ precision, recall, and the F; score for a fair
comparison, as given in Egs. (12)-(14). Precision is the ratio of correctly
predicted positive samples to total predicted positive samples. Recall is
the ratio of correctly predicted positive samples to all positive samples.
The F; score represents the overall effectiveness of a classifier (consid-
ering false positives and false negatives) and is defined as the weighted
average of the precision and recall.

E/ pi+in;
Overall accuracy = M an
Precisi i a2
recision; =
i + fpi
IDi
Recall; = ——— 13
e 1p; + f; a3

F, score = 2. pre%‘itvion[-recall[ a4
precision; + recall;

Here, a true positive (tp;), true negative (tn;), false positive (fp;), and
false negative (fn;) for class i represent the number of positive samples
correctly classified, the number of negative samples correctly classified,
the number of negative samples wrongly classified as positive, and the
number of positive samples wrongly classified as negative, respectively.
[ denotes the number of classes.

3.4. Understanding the model’s behaviors and predictions

This study uses SHAP to unlock the technology valuation results of
the best-performing machine learning model. SHAP is a unified frame-
work for interpreting the predictions of machine learning models based
on the Shapley value of the conditional expectation of a model. Building
upon cooperative game theory, SHAP assigns each feature an impor-
tance value for a particular prediction with two novel components: (1)
the identification of a new class of additive feature importance measures
and (2) a unique solution in this class with a set of desirable properties (i.
e., local accuracy, missingness, and consistency) (Lundberg and Lee,
2017).

SHAP measures the variable importance based on additive feature
attribution methods, as given in Eq. (15).

M
~ov+ 304, as)
i=1

where 7' € {0, 1 is a coalition vector that indicates whether the ith
predictor is present (=1) or absent (=0), M is the number of predictors,
@i € R is the importance value of the ith predictor, and @ is the baseline
outcome without any predictor. Specifically, SHAP identifies the
importance of each predictor as the change in the expected model
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prediction when conditioning on that predictor and explains how to
change from the base value E[f(z)] to the current output f(x). When the
model is nonlinear or the predictors are not independent, the order in
which predictors are added to the expectation matters, and SHAP av-
erages the @; values across all possible orderings. Hence, when defining
fx(S) = E[f(x)| x;] for a subset of predictors (S), the SHAP value (¢;) is
expressed as in Eq. (16).

IS|'(M —|S] - 1)!

= L (S U {)) —£(9), 16)

SC{xp,.... o\ {i }

where f(S U {x;;}) and f,(xs) are the model outcomes with and without
the ith predictor, respectively. Based on this, SHAP measures the pair-
wise interaction effect (¢; ;) for each prediction as expressed in Eq. (17).

ISIN(M —|S| —2)!

#,; = 20— 1] -Vij(S) an

SC{x; ...,.x,,,}\{,\‘,.)g}

Here, for i # j, Vij(S) = fi(S U {x;, Xj3) — fx(S U {x;}) — filS U {x;}) +
(8.

4. Empirical analysis and results
4.1. Interpretable machine learning model for technology valuation

We developed the five machine learning models for technology
valuation using the Scikit-learn, fastFM, and XGBoost packages provided
by Python. Here, the hyperparameters should be carefully determined to
achieve the best predictive performance of each machine learning
model. To find the optimal hyperparameter values, we investigated the
predictive performance of each machine learning model for every
combination of hyperparameter values from the specified subset of
hyperparameter space via a grid search algorithm. For this, we defined
the type and range of the hyperparameters that need to be optimized for
each machine learning model. For example, MLP was developed by
adjusting the number and size of the hidden layers, activation function,
and learning rate as its hyperparameters. For each combination of
hyperparameters, we conducted a grid search based on 5-fold cross-
validation techniques using the F; score as a performance evaluation
metric to assess the overall effectiveness of the machine learning models.
The optimal hyperparameter values for each machine learning model
were determined to be the following: three hidden layers of 16, 32, and
64 neurons, a batch size of 32, an Adam optimizer with a 0.005 learning
rate, and ReLU as the activation function for the MLP; the polynomial
kernel and 1.0 as the regularization parameter for the SVM; 50 iterations
for the FM; 750 trees and Gini impurity as the split criterion for the RF;
and 100 trees, three levels as the maximum depth of the trees, and a
0.001 learning rate for the XGBoost.

Table 3 presents a portion of the results of technology valuation

Table 3

A sample of the results of technology valuation using the machine learning models.
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using the machine learning models. In the table, the economic value of
technologies consists of two parts: one is based on the probability of a
technology being licensed (i.e., L vs. NL) while the other is based on the
(expected) royalty payments for a technology generated from licensing
contracts (i.e., L1 vs L2). Here, “-” indicates that the corresponding
technology has not been licensed. Although the machine learning
models achieved reliable performance, there are some misclassified
examples to be noted. For example, there is a clear tendency that the
longer a technology stays in the OTL (i.e., high TA values), the lower the
probability of the technology being licensed. Thus, technology 99-220
that was eventually licensed a very long time after the technology was
registered in the OTL is misclassified by the models because of its high
TA value.

The performance and reliability of the machine learning models with
the optimal hyperparameter values were assessed based on the perfor-
mance evaluation metrics using 5-fold cross-validation techniques, as
summarized in Table 4. Although most machine learning models exhibit
comparable performance in L vs. NL classification, ensemble models are
found to be more effective in L1 vs. L2 classification. Given the precision,
recall, and F; score, XGBoost, which classifies many L1 technologies
correctly, was selected as the best-performing model. In particular,
XGBoost presents almost perfect predictive performance for the L vs. NL
classification. Although the performance for the L1 vs. L2 classification
is lower than the L vs. NL classification, its “low precision yet high
recall” indicates that XGBoost has the potential to reduce the time and
effort associated with expert appraisals.

Calculation of the exact SHAP value is challenging because this task
considers every possible subset of features and thus involves exponential
computation complexity. For this reason, we used Tree SHAP, which
computes the SHAP value based on the structure of tree-based models.
Tree SHAP recursively tracks which subset of features flows down into
which leaves of the tree to reduce the computational complexity from
exponential to polynomial solutions (Lundberg et al., 2018, 2020).
Using Tree SHAP, we obtained the SHAP values for every feature for

Table 4
Summary of performance evaluation of machine learning models.

Model Level of Accuracy  Precision  Recall  Specificity = F1
analysis score
MLP L vs. NL 0.93 0.97 0.90 0.97 0.93
L1 vs. L2 0.90 0.22 0.10 0.97 0.14
SVM L vs. NL 0.56 0.54 1.00 0.10 0.70
L1 vs. L2 0.92 0.00 0.00 1.00 0.00
FM L vs. NL 0.90 0.88 0.93 0.87 0.91
L1 vs. L2 0.84 0.21 0.34 0.89 0.26
RF L vs. NL 0.95 0.97 0.93 0.97 0.95
L1 vs. L2 0.92 0.33 0.03 0.99 0.05
XGBoost L vs.NL 0.94 0.97 0.91 0.97 0.94
L1 vs. L2 0.73 0.20 0.75 0.73 0.31

Technology ID Technological characteristics (Actual) Economic value (Predicted) Economic value
TA PK e Spon Recip MLP SVM FM RF XGBoost

00-003 20 2 - 2 368 L L2 L L2 L L2 L L2 L L2 L L2
00-009 191 21 1 1367 NL - NL - NL - NL - NL - NL -
00-010 206 5 1 7 NL - NL - NL - NL - NL - NL -
00-045 -1 44.5 2 131 L L1 L L2 L L1 L L2 L L2 L L1
02-164 6 12 1 6 L L1 L L2 L L1 L L2 L L2 L L2
02-166 -3 6 1 0 L L2 L L2 L L2 L L2 L L2 L L2
02-170 206 4 1 2 NL - NL - NL - NL - NL - NL -
02-181 50 2 1 78 L L1 L L2 L L1 L L2 L L2 L L1
99-220 154 18 1 151 L L2 NL L2 L L2 NL L2 NL L2 NL L2
99-231 -3 7.33 5 3 L L2 L L2 L L2 L L1 L L2 L L1
99-236 202 2 . 1 158 NL - NL - NL - L L2 NL - NL -
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every technology, which allows us to understand the model’s behaviors
and predictions at the local level.

To visualize the model’s behaviors and predictions using SHAP
values, we employ force plots that illustrate how the input features
contribute to the predicted output value. Specifically, the force plot for a
technology shows the base value, predicted output value, the value of
each feature, and the contribution of each feature to the predicted
output value. The plot is symmetric because the SHAP values of a feature
have the same magnitude but different signs for the two categories (i.e.,
N vs. NL and L1 vs. L2). In the plot, the features that push the prediction
higher are represented using a red bar, while those that push the

Technological Forecasting & Social Change 183 (2022) 121940

prediction lower are represented using a blue bar.

Fig. 3 presents three major examples of the summary plots. Tech-
nology 00-009, which has not yet been licensed, is classified as NL, and
TA, AA, and Recip dominantly increase the probability of the technology
not being licensed from 0.50 to 0.80, as shown in Fig. 3(a) and (b).
Similarly, technology 02-181, which was licensed and earned more than
$500,000, is classified as L and L1. TA and BT are the major factors
affecting the probability of the technology being licensed, while PC,
TCT, and PF are the major factors affecting the probability of the tech-
nology being highly valuable, as described in Fig. 3(c)-(f). Finally,
technology 02-166, which was licensed and earned less than $500,000,

(a) SHAP values for classifying 00-009 (actual NL) as L
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base value
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. ( _( ( ({{
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(b) SHAP values for classifying 00-009 (actual NL) as NL

base value

0.50

higher 2lower
f(x)
0.80

o)

PF=2| Recip=1367 AA=0

TA =191

(c) SHAP values for classifying 02-181 (actual L) as L

base value

0.50

higherower
f(x)
0.81

N

HR =2 PF=22[ ET=57.5

TA =50
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Fig. 3. Examples of the SHAP values for technology valuation.
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(g) SHAP values for classifying 02-166 (actual L) as L
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Fig. 3. (continued).

is classified as L and L2. Here, PC, SCC, and TA are the main factors
determining the probability of the technology being valuable, as shown
in Fig. 3(g)—(j). From these examples, we observe that the implications
of the features may vary based on the context of technology valuation,
although TA is the most influential factor for the L vs. NL classification.
The importance of the features of technological characteristics and
feature interactions will be investigated in detail in the following
sections.

4.2. Feature importance on the economic value of technologies

We employ three types of plots (i.e., dependence plots, summary
plots, and bar plots) to understand the model’s behaviors and pre-
dictions and explore the implications of the features of technological
characteristics on the economic value of technologies. Summary plots
and bar plots allow us to understand the global trend of a feature’s SHAP
values. Specifically, summary plots present the distribution of the SHAP
values for each feature across all technologies, whereas bar plots display
the average of the absolute SHAP values for each feature, which corre-
sponds to the overall importance of a feature on predictions.

Fig. 4 presents the summary plots and bar plots for the L vs. NL
classification and the L1 vs. L2 classification. The features, such as TA,
AA, Recip, TCT, and ET, are identified as the main features affecting the
probability of a technology being licensed. Here, the feature values of
AA and ET have a positive relationship with their SHAP values, whereas
the feature values of TA, Recip and TCT have a negative relationship
with their SHAP values, as shown in Fig. 4(a) and (b). Furthermore,
although its contribution to predictions is relatively small, there is a

negative relationship between the feature values of HR and its SHAP
values. Regarding the L1 vs. L2 classification, features such as PC, SCC,
TA, Recip, and TCT are identified as the main features affecting the
probability of a technology being highly valuable. The values of these
features, except Recip, have a positive relationship with their SHAP
values, as shown in Fig. 4(c) and (d).

Dependence plots visualize the relationships between the values of a
feature and the SHAP values of the feature, which are not reported in
their entirety owing to space constraints. Fig. 5 presents the dependence
plots for TA and PC affecting the probability of a technology being
licensed and being highly valuable. We observe a clear inflection point:
the probability of a technology being licensed drops steeply (i.e., clas-
sified as NL) if a technology had not been licensed over approximately
60 months, as shown in Fig. 5(a). The number of patents associated with
a technology has a positive relationship with the probability of the
technology being highly valuable (classified as L1), as shown in Fig. 5
(b).

Furthermore, we measure the differences of the SHAP values be-
tween the two levels of analysis to explore the implications of the fea-
tures depending on varied technology valuation contexts, as reported in
Table 5. In the table, a positive difference value indicates that the cor-
responding feature is more pertinent to the L vs. NL classification, while
anegative difference value means that the corresponding feature is more
pertinent to the L1 vs. L2 classification. For instance, TA and AA are
found to be more important for the L vs. NL classification, while PC and
SCC are more important for the L1 vs. L2 classification.
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(a) Summary plot (L vs. NL)
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(b) Bar plot (L vs. NL)
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(d) Bar plot (L1 vs. L2)
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Fig. 4. Feature importance at the global level.

4.3. Feature interaction on the economic value of technologies

We examine the SHAP interaction values representing the pairwise
interaction effects of a selected pair of the features of technological
characteristics on the predictions. As expressed in Eq. (17), the SHAP
interaction value is the additional combined contribution after ac-
counting for the contribution of individual features, which provides the
pure interaction effect on the predictions. The SHAP interaction values

10

for each feature are visualized using the dependence plot and summary
plot. The dependence plot shows the relationship between the SHAP
interaction values and the feature values of the pair of indicators, as
illustrated in Fig. 6(a) and (b). Here, the x-axis and the color of each dot
represent the feature values of the primary and secondary features,
while the y-axis indicates their SHAP interaction values. For example,
for the L vs. NL classification, the interaction between TA and ET is
significant when the feature values of TA are approximately 60 months.
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(b) Dependence plot of PC (L1 vs. L2)
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Table 5
Difference of SHAP values between the L vs. NL and L1 vs. L2 classifications.
Technological characteristics Classifying L Classifying L1 Difference
TA 0.9636 0.0634 0.9002
AA 0.2073 0.0326 0.1747
ET 0.0190 0.0141 0.0049
DC 0.0024 —0.0007 0.0031
SK 0.0010 —0.0010 0.0020
FGF 0.0000 —0.0019 0.0019
MCO 0.0019 0.0001 0.0018
MCC 0.0000 —0.0016 0.0016
Spon 0.0013 0.0000 0.0013
IC 0.0021 0.0008 0.0013
Col 0.0012 0.0000 0.0012
HR 0.0079 0.0068 0.0011
EAW 0.0000 0.0000 0.0000
Bio 0.0005 0.0010 —0.0005
PK 0.0009 0.0021 —0.0012
TCT 0.0134 0.0172 —0.0038
PF 0.0156 0.0245 —0.0089
SCO 0.0016 0.0149 —0.0133
Recip 0.0381 0.0748 —0.0367
SCC 0.0000 0.1965 —0.1965
PC 0.0076 0.5391 —0.5315

In particular, for the technologies with a TA of 60 months, a higher ET
tends to shift predictions towards L while a lower ET tends to shift
predictions towards NL. This implies that, for technologies that are
nearly five years old, the examination time of the relevant patents is the
key determinant in identifying if the technologies are licensed or not.
For the L1 vs. L2 classification, PC and PF present a relatively clear trend
in their interaction values as compared to other pairs of features. For
technologies with multiple patents, the SHAP interaction values be-
tween PC and PF are found to increase as the number of patent families
increases, as shown in Fig. 6(b). This indicates that a technology with
multiple patents is more likely to be classified as highly valuable if its
relevant patents are registered in multiple countries.

The summary plot presents the SHAP interaction values for every
pair of the features across all technologies, where the individual effects
are on the diagonal, the interaction effects are off the diagonal, and the
color of each dot represents the feature value of the primary feature (i.e.,
the feature located in rows). Fig. 6(c) and (d) show the summary plots
for the pairs of features that exhibit high SHAP interaction values. We
observe that feature interaction effects are more critical to the L1 vs L2
classifications than the L vs. NL classification, although the interaction
effects between TA and others are found to be significant for the L vs. NL
classification.
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In addition, the difference of SHAP interaction values between the L
vs. NL and L1 vs. L2 classifications is measured to examine the impli-
cations of interaction effects for different technology valuation contexts,
as reported in Table 6. The difference value is calculated by subtracting
the SHAP interaction values for classifying a technology as L1 from those
for classifying a technology as L. A positive difference value (e.g., TA and
ET) indicates that the interaction effect between the corresponding
features is more critical to the L vs. NL classification than to the L1 vs. L2
classification. These pairs of features, such as TCT and PC, PC and SCC,
PK and PC, and PC and IC, are completely independent for the L vs. NL
classification yet highly interactive for the L1 vs. L2 classification.

5. Discussion
5.1. Quality of model interpretation

The novelty of our framework stems from the use of interpretable
machine learning that makes the model’s behaviors and predictions
understandable to humans. In particular, feature importance at the local
and global levels and their interactions can be used to understand how
machine learning models arrive at their conclusions. Following Honeg-
ger (2018), we examined the consistency and reliability of the model
interpretation using three axiomatic explanation consistency metrics, as
follows:

o Identity—The model should provide an identical explanation for the
same object. In other words, if the distance between two objects is
zero, the distance between their corresponding explanations should
also be zero, as presented in Eq. (18).

d(x4,xp) = 0=>d(e,,€,) = 0,Va, b (18)

Here, d is a distance function (e.g., Euclidean distance), x; is a feature
vector of the ith data sample, and ¢; is an explanation vector of the ith
data sample with the SHAP value for each feature.

e Separability-The model should provide distinct explanations for
distinct objects. That is, if the distance between two objects is not
zero, the distance between their corresponding explanations should
be higher than zero, as expressed in Eq. (19).

d(xg, %) # 0=d(e,,£,))0,Ya, b (19)

o Stability-If two objects have the same class prediction 4;, their cor-
responding explanations should belong to the same explanation
cluster ¢;, as presented in Eq. (20).
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(a) Dependence plot between TA and EAW (L vs. NL)
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(b) Dependence plot between PC and PF (L1 vs. L2)
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(d) Summary plot of interaction values (L1 vs. L2)
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Fig. 6. Examples of feature interaction.

Table 6
Difference of SHAP interaction values between the L vs. NL and L1 vs. L2
classifications.

Features Lvs. NL L1 vs. L2 Difference
TA and ET 0.0127 0.0054 0.0073
TCT and Recip 0.0049 0.0022 0.0027
TCT and Bio 0.0011 0.0000 0.0011
TCT and HR 0.0009 0.0000 0.0009
MCO and PF 0.0012 0.0004 0.0008
SCO and Recip 0.0008 0.0001 0.0007
TA and DC 0.0005 —0.0001 0.0006
PC and Bio 0.0000 —0.0006 0.0006
SCC and PF 0.0000 —0.0005 0.0005
PC and Recip —0.0012 0.0263 —0.0275
ET and PC 0.0001 0.0328 —0.0327
PK and PC 0.0000 0.0327 —0.0327
TA and PC —0.0025 0.0311 —0.0336
PC and SCC 0.0000 0.0351 —0.0351
PC and PF 0.0001 0.0430 —0.0429
TCT and PC 0.0000 0.0468 —0.0468
TA and AA —0.0815 0.0051 —0.0866
p(xs) = 4 = p(xy)=>c(e,) =T = (&), Va, b, AiCA,G;CC (20)

Here, p is a prediction function, X is the set of all data samples, A is
the set of all predictions over X, and C is the set of all explanation
clusters with |C| = [A]|.

Building on these notions, identity was calculated as the ratio of the
pairs of data samples with identical SHAP value vectors to the pairs of
data samples with identical feature vectors. Similarly, separability was
computed as the proportion of the pairs of data samples having different
SHAP value vectors to the pairs of data samples having different feature
vectors. Stability is measured via k-means clustering analysis (Lloyd,
1982) and Jaccard similarity (Jaccard, 1912). Here, the optimal number
of clusters was set to six based on the inertial measure. This measure
represents how well the dataset was clustered. It is calculated, for a
certain k, as the sum of the squared distance between each data sample
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and the centroid of the cluster to which the data sample is assigned, as
formulated in Eq. (21).

K n
. 2
Inertiay = E g Hxi — ch s
J=1 =1

2D

where n is the number of data samples, x; is the ith data sample, and ¢; is
the centroid of the cluster to which x; is assigned. Here, we labelled the
clusters with the dominant predicted output of data samples in the
clusters. For instance, if the majority of data samples assigned to a
cluster was L1, the cluster is labelled as L1. Finally, the stability was
calculated by the Jaccard similarity between the predicted labels and the
clustered labels of the data samples, as expressed in Eq. (22).

_|AnB| |ANB|
" JAUB|  |A|+|B|-]ANB

Jaccard similarity(A, B) (22)

Here, A and B are two non-empty sets. Table 7 presents the axiomatic
explanation consistency metrics for each level of analysis. The proposed
analytical framework provides consistent interpretation results for all
pairs of data samples in terms of the identity and separability metrics.
The stability metric for the framework is 0.95 for the L vs. NL classifi-
cation and 0.52 for the L1 vs. L2 classification. This implies that there
exists heterogeneity in the relationships between the economic value of
technologies (i.e., L1 and L2) with technological characteristics. The
results of machine learning models vary considerably because of slight
differences in the feature vectors of data samples, although the

Table 7
Axiomatic explanation consistency metrics for the model interpretations.
Level of analysis Axiomatic explanation consistency metric Value
Lvs. NL Identity 1.0
Separability 1.0
Stability 0.95
L1 vs. L2 Identity 1.0
Separability 1.0
Stability 0.52
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framework presents high recall values for the L1 vs. L2 classification.

5.2. Implications for theory and practice

This study provides an extensive understanding of the nonlinear
relationships between technological characteristics and the economic
value of technologies using interpretable machine learning. We can
draw several conclusions from the analysis results that may help others
use patent indicators in the field of technology and innovation
management.

First, although prior studies have presented various types of patent
indicators, only a few have examined the linkages between ex-ante
patent indicators and the relevant technology’s directly observed eco-
nomic value. The most similar approaches to our analysis are provided
by Fischer and Leidinger (2014) and Higham et al. (2021). Fischer and
Leidinger (2014) examined the relationships between patent value in-
dicators (i.e., the number of patent forward citations, the number of
family members, and the number of distinct classes) and the directly
observed auction price of patents using regression models. Higham et al.
(2021) investigated the relationships between ex-ante patent indicators
and post-grant outcomes at the level of art units using dominance
analysis methods. However, neither of these works consider the
nonlinear relationships between ex-ante patent indicators and the
directly observed economic value of the relevant technologies in aca-
demic licensing contexts. The results of our empirical analysis extend the
previous literature by assessing the importance of ex-ante technological
characteristics on the economic value of technologies as well as their
interactions. Although some findings are consistent with the results of
prior studies, we observe that the implications of the features of tech-
nological characteristics (as well as their interactions) may vary
depending on the context of technology valuation (i.e., L vs. NL classi-
fication and L1 vs. L2 classification). These findings necessitate more
research on the appropriate combination of the context of technology
valuation and the patent indicators employed.

Second, a key component of technology licensing is technology
marketing, which involves valuing the commercial potential of tech-
nologies, disseminating information to inventors and potential buyers,
and brokering technologies to the commercial market. Focusing on
developing the supplementary tools that can be used in the valuation
task, we performed an additional analysis to compare the performance
of traditional linear models and nonlinear models. Table 8 presents the
feature importance and the performance evaluation metrics of logistic
regression using the same dataset employed in this study. XGBoost
substantially outperformed logistic regression, especially for the L1 vs.
L2 classification, suggesting that the former can capture nonlinearities
and complexities that are not captured by the latter. Although the
objective of this study is not to identify a definitive set of features of
technology characteristics or a specific type of machine learning models
for technology valuation, we believe that practitioners should consider
using nonlinear machine learning models for technology valuation along
with expert appraisals.

Finally, data-driven approaches and conventional expert appraisal
approaches cannot be exclusively used; rather, they complement each
other. It is important to compare the performance of machine learning
models and that of the expert appraisal approach that is used in practice.
The licensing managers at the OTL at Stanford University assess the
technologies registered using three ordinal scales (i.e., A, B, and C).
Table 9 reports the relationships between the results of expert appraisals

Table 8
Results of performance evaluation of the logistic regression.
Model  Level of Accuracy  Precision  Recall  Specificity = F1
analysis score
LR Lvs. NL 0.93 0.94 0.91 0.94 0.93
L1 vs. L2 0.91 0.38 0.15 0.98 0.21
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Table 9
Relationships between the results of expert appraisals and royalty payments.

(a) Confusion matrix for manual appraisal

Categories based on the royalty payments

Results of expert appraisals L1 L2 NL
A 29 64 14
B 21 280 173
C 18 424 620
(b) Performance evaluation metrics for manual appraisal
Category Accuracy Precision Recall Specificity F1-score
L1 (A) 0.57 0.43 0.27 0.97 0.33
L2 (B) 0.36 0.59 0.58 0.45
NL (C) 0.77 0.58 0.68 0.66

and the three categories based on the royalty payments generated from
licensing contracts. The performance evaluation metrics demonstrate
that the analytical framework outperforms the expert appraisal
approach in terms of accuracy and reliability for the N vs. NL classifi-
cation, while the expert appraisals provide more accurate predictions in
terms of the precision metric for the L1 vs. L2 classification. Based on the
analysis results, we are confident that the proposed approach is a useful
complementary tool for technology valuation, creating synergies with
expert appraisals. Specifically, the proposed analytical framework is
expected to be useful in identifying transferable technologies registered
in the OTL based on the probability of the technologies being licensed. It
can also be employed for screening technologies that are expected to be
highly valuable, reducing the number of technologies that need to be
assessed by experts.

6. Conclusion

This study proposes an analytical framework for successful
expert-machine collaborations for technology valuation using inter-
pretable machine learning. A central tenet of the framework is that
achieving high predictability and interpretability is key to successful
collaborations between experts and machine learning approaches to
technology valuation. To achieve this, an interpretable machine
learning model based on the SHAP method is developed to examine the
importance of the features of technological characteristics (as well as
their interactions) on the economic value of technologies. The validity
and utility of our framework are assessed through a case study of the
technologies registered at the Office of Technology Licensing at Stanford
University.

The contributions of this study are two-fold. First, from an academic
perspective, this study exchanges black box models that do not reveal
internal mechanisms for interpretable machine learning approaches for
technology valuation. No machine learning model for technology
valuation can provide completely correct valuation outcomes due to the
high level of uncertainty associated with the technology commerciali-
zation processes. For this reason, the effectiveness of previous black box
models has been limited by the models’ inability to explain their
mechanisms and decisions to experts. The proposed analytical frame-
work is therefore expected to serve as a starting point for developing
more general and practically applicable models. Moreover, to the best of
our knowledge, this is the first attempt at employing interpretable ma-
chine learning models in the field of technology and innovation man-
agement. The proposed approach could be useful for purposes other
than technology valuation where the task to be performed is associated
with a high level of uncertainty and complexity, the validation of a
certain machine learning model is not easy, and human trust and
acceptance are required. Second, from a practical standpoint, a software
system was developed to automate our framework, benefiting even
those unfamiliar with patent and technology transaction databases and
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interpretable machine learning models. The system enables the quick
analysis of wide-ranging technologies and supports decision making
quickly and inexpensively. In particular, our system is expected to
effectively determine whether a technology will be licensed. This will
reduce the time and cost involved in the technology valuation process
that was previously conducted by domain experts and enable them to
focus more on the technologies that are likely highly valuable.

Despite its contributions, this study is not without limitations. First,
the analysis results may not be generalized easily because the analytical
framework is only applicable to technologies having patents, although
whether a technology is protected by patents is critical to its valuation.
Furthermore, our empirical analysis has a narrow focus on technology
valuation in academic licensing contexts. Second, this study focuses
mainly on the relationships between technological characteristics and
the economic value of technologies with a limited number of ex-ante
patent indicators. Rare event data such as patent litigation should be

Technological Forecasting & Social Change 183 (2022) 121940

establish the external validity of our method and identify the types of
technologies in which our framework can best operate. Nevertheless, we
believe that the predictability and interpretability our framework offers
contribute substantially to current research and future practice.
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Appendix A. Features of technological characteristics
A.1. Technological novelty and originality

This category comprises seven features. The first feature is technology age; the older a technology, the higher the chance that the technology has
become obsolete (Fischer and Leidinger, 2014). This feature is defined as the difference between the time when a technology is registered in the OTL
and the time it is licensed. For a technology that is not licensed, the current time is used instead of the time when the technology is licensed. The
remaining six features are related to the backward citations of patents. Given the fact that patent applicants (or examiners) cite all related prior arts by
the US patent law, the second and third feature measure the number of patent references and the number of NPL references respectively. Previous
empirical studies demonstrated that the number of backward citations (Harhoff et al., 2003) and the number of NPL references including scientific
articles and other types of publications relate to patent novelty and further patent values (Callaert et al., 2006). The fourth feature is technology cycle
time. This feature identifies the recentness of prior knowledge or the pace of a technology’s progress (Bierly and Chakrabarti, 1996) and is calculated
as the mean value of differences, in years, between earlier patents cited by a target patent and the patent citing earlier patents. The fifth and sixth
features measure the originality of patents (Bessen, 2008; Jaffe and Trajtenberg, 2002). These indicators use the diversity of prior arts for a patent and
capture the extent to which the patented invention draws from multiple sets of technologies. Specifically, patent originality is measured on two levels.
The class-level originality is calculated by using classes of cited patents, whereas the mainline subclass-level originality is calculated by using mainline
subclasses of cited patents, as shown below:

1- ZB} (23)

jeSs

Here, B; is the ratio of the number of cited patents that belong to class (or mainline subclass) j to the total number of cited patents. Sp is the set of
classes of cited patents. Finally, the seventh feature measures the examination time, which is defined as the length of time between the initial
application date and the eventual grant date for a patent. The examination time is found to vary according to the patent quality. In the case of claims
with low technology quality, it may take longer to negotiate and examine, resulting in a large time difference (Higham et al., 2021).

A.2. Technological scope

This category comprises four features. The first feature measures the number of patents for a technology because a patent generally describes a
single coherent invention. The number of patents is one of the most useful features to measure patent quality such as the pace of creative activity,
investor growth, and economic worth (Hirschey and Richardson, 2004). The second and third features are concerned with the technological scope,
which is defined as the number of classes of a patent (Lerner, 1994). These features represent the areas where the patented technology can be applied
and the number of classes to which a patent is assigned has a positive relationship with its value (Fischer and Leidinger, 2014). Here, two levels of
extraction, class-level scope and mainline subclass-level scope, enable a fine-grained characterization. Finally, the fourth feature focuses more on
biotechnology and measures whether a technology is related to bio science.

A.3. Technological superiority

This category comprises four features. The first and second features are related to protection coverage, which represents the technology superiority
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depending on a patent’s claims (Lanjouw and Schankerman, 2001). The number of patent claims is found to have a positive correlation with the patent
value (Ernst, 2003) and has therefore been utilized as a convenient substitute for a patent’s potential value for patent-holders intending to renew their
patents. Here, we use the number of independent and dependent claims. The independent claims explain the essential characteristics of a patent, while
dependent claims include additional features. The remaining features are related to technological superiority assessed by external evaluators. The
third feature measures whether a technology is funded by federal governments. This feature can be adopted as an indicator in the sense that tech-
nologies funded by federal governments are associated with higher and broader influence and productivity (Corredoira et al., 2018). The fourth
feature measures whether a technology has won the Edison awards.

A.4. Market coverage

This category comprises two features. The first feature measures the number of patents registered internationally for the same invention, i.e., the
patent family. We leverage the patent family as a proxy for the economic value of patents, given that patent law is regional in nature, which means that
only important patents are applied to many national or regional patent offices. Prior empirical studies presented positive relationships between the
size of a patent family and the economic value of the patent (Guellec and de la Potterie, 2000). The second feature measures the number of potential
application areas that inventors and licensing managers identify.

A.5. Development efforts and capabilities

This category comprises two features to measure development efforts and capabilities. The first feature measures the number of inventors, as
multiple inventor patents tend to have higher significance than those by a single inventor (Ma and Lee, 2008) and larger teams of inventors involve
more skills and expertise, thus leading to higher-quality patents (van Zeebroeck, 2007). The second feature is related to collaboration on the assignee
side of patents. There appears to be a significant positive relationship between the number of co-assignees and the value of a patent (Ma and Lee, 2008;
Meyer, 2006). If a patent has more than one assignee, the indicator is 1, otherwise it is 0.

A.6. Sponsorship and marketing

The probability of a technology being licensed is likely to be affected by the degree to which the technology is exposed to the outside world. In this
respect, this category includes two features. The first feature measures the number of sponsors for technology development because corporate-
sponsored inventions are licensed and cited more often than others (Wright et al., 2014). The second feature represents the number of marketing
recipients.

Appendix B. Machine learning models
B.1. Multilayer perceptron

MLP is a supervised machine learning model that makes predictions through feed-forward computations to capture complex nonlinear relation-
ships between inputs and outputs (Friedman et al., 2001). This method consists of multiple layers of computational units. Each node in a layer has
directed connections to the nodes of the subsequent layer. In each layer, the latent feature vector for a data sample is calculated by applying weights
and biases and using a nonlinear activation function, as given in Eq. (24):

0] = ¢ (ZW,‘X;‘ + b> 5 (24)

where i is the index of the data sample, [ is the index of the layer, w; denotes the weights, b represents the bias, and ¢ is the activation function. This
method is trained using a back-propagation technique, which adjusts the weights and biases in the direction of minimizing the errors between the
predicted output and actual values, as defined in Eq. (25), where y; and f(w;, ;) indicate the actual value and the output of the network, respectively.

=30 f ) (25)

The error calculated from the nodes in the output layer is propagated backward to the nodes that point to them and the weights and biases are
adjusted using the gradient of the error, as expressed in Egs. (26) and (27), where « is the learning rate ranging between 0 and 1.

Wi = i - a(VJ) (26)

b=b"+a(VJ) 27)

B.2. Support vector machine

SVM is a supervised machine learning model that constructs a hyperplane or set of hyperplanes separating the data points in a high-dimensional
space. Given a training dataset (x1,Y1), ..., (n, Yn), where x; is a multi-dimensional input vector, y; is either 1 or —1 representing the class label, and n is
the number of data points, the hyperplane is expressed as Eq. (28):

wix—b=0 (28)

Here, w is the normal vector to the hyperplane and b is an intercept. SVM is trained by finding the hyperplane that maximizes the margin between
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the two classes. This corresponds to solving a constrained optimization problem with a differentiable objective function, as follows:

IR SR
minimize=||w||",
2 (29)

subject to y,v(wa + b) > 1,wherei=1,2,....,n

B.3. Factorization machine

FM is a supervised machine learning model that combines the advantages of SVM and matrix factorization algorithms. Consequently, this method
can work with any real-valued feature vector and estimate parameters under sparsity by considering implicit interactions between features through
factorization. Given a training dataset (x1,y1), ..., (X, ¥n), where x; is a multi-dimensional real vector and y; is the class label, a two-way FM (degree d
= 2) that captures all single and pairwise interactions between features is defined, as given in Eq. (30).

V(x) = wo+ Z:;lwixi + ELIZJLM (vi, vj)xix;, (30)

where the model parameters that need to be estimated are wo € R, w € R", and V € R"Xk, and (-, -) represents the dot product of two vectors. The model
parameters can be estimated by gradient descent methods.

B.4. Random forest

RF is an ensemble machine learning model based on a multitude of decision trees {T1(X), T2(X), ..., Tp,, (X)}, where X = {x1,x2,...,Xp} is a p-
dimensional input vector (Ho, 1995). Compared to standard decision trees, this method is found to reduce generalization error significantly by
introducing random perturbations in the learning process. RF is trained to produce predictions through three steps. First, ny.. bootstrap samples are
drawn from the training dataset by random sampling with replacement. Second, a decision tree for each of the bootstrap samples is constructed and
fully grown; here, the best split from randomly selected input variables is chosen. Finally, classification is performed by aggregating the predictions of
the Ny, decision trees (1,2, -+, Vg )-
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