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Abstract

Although patent analysis-based approaches to technology opportunity analysis have proven
useful for discovering unexplored technological ideas, identifying opportunities to max-
imise the potential of existing technologies remains challenging. This study introduces
an analytical framework for identifying new technological domains where existing tech-
nologies can exhibit greater technological impact. The proposed framework incorporates
a generative—predictive machine learning model integrating the variational autoencoder
and multi-layer perceptron architectures. The generative and predictive components of this
model are jointly trained to construct an impact-centric technology landscape where tech-
nologies with similar domains and impacts are closely located. A gradient ascent search
algorithm is used to explore this landscape and identify new technological domains that
can maximise the potential technological impact of existing technologies. An empirical
analysis covering 133,654 patents related to artificial intelligence technology verifies the
reliability and feasibility of the framework in identifying domain-shift opportunities for
existing technologies. The proposed analytical framework is expected to serve as a valu-
able tool that helps firms maximise their existing technological assets in the current era of
open innovation.
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Introduction

Technology opportunity analysis (TOA) has been gaining increasing interest from aca-
demics and practitioners as it represents a crucial requirement for firms to foster economic
growth, sustain competitiveness, and mitigate the uncertainties involved in new businesses
(Adams et al., 2006; Lee et al., 2014, 2018, 2023; Liu et al., 2023; Savino et al., 2017).
Whereas early TOA-related research focused on developing expert-centric approaches
(Jeong & Kim, 1997), recent literature highlights a shift towards developing data-driven
approaches (Lee, 2021; Lee et al., 2018). Among such methods, patent analysis is consid-
ered the most scientific, with recent advancements in machine learning enabling the extrac-
tion of significant patterns and insights from extensive patent data across diverse fields
(Lee et al., 2009, 2013a; Son et al., 2012; Wang et al., 2017; Yoon & Kim, 2012). How-
ever, while patent analysis-based approaches to TOA have proven useful for identifying
new technological ideas that have not yet been fully explored, identifying opportunities
that maximise the potential of existing technologies remains a key challenge.

The impact of technology varies depending on the domain in which it is implemented,
even when its functionality remains unchanged. This suggests that a shift in technological
domains can create promising technology opportunities (Dew et al., 2004). Historically,
many significant inventions have emerged when the functions of existing technologies have
been applied in different contexts (Andriani et al., 2017; Hur, 2017). For example, Autog-
rapher—developed as a hands-free, wearable intelligent camera with sensors that automati-
cally determine when to capture photographs—was originally intended for use in health-
care, to assess memory recall in patients with memory impairments (Garud et al., 2016).
Subsequently, it was repurposed for consumer use when its potential as a life-logging
device became apparent. This domain shift expanded Autographer’s customer base from a
limited patient group to the broader public.

Building on this notion, exploring other technological domains where existing technolo-
gies could create a greater impact has become a key strategy for identifying innovative
technology opportunities (Andriani et al., 2017; Dew et al., 2004). Regarding domain shifts
as sources of technological innovation, many researchers have attempted to conceptualise
the transition of technological domains in the context of technological change, investigat-
ing the effects of this process and the possibilities that it offers in the discovery of emerging
technologies (Andriani & Carignani, 2014; Andriani et al., 2017; Ardito et al., 2021; Dew,
2009; Dew et al., 2004; Garud et al., 2016). Garud et al. (2016) introduced the concept of
repurposing existing technologies by drawing analogies between biological evolution and
technological change. Andriani et al. (2017) proposed an analytical framework to meas-
ure the frequency and impact of innovative domain shifts in the pharmaceutical industry.
These endeavours have revealed the factors involved in technological innovation based on
domain shifts and have yielded conceptual frameworks for modelling such shifts. We pro-
pose incorporating quantitative data and engineering knowledge into these frameworks in
TOA contexts to offer clear guidance for organisations in systematically identifying poten-
tial technology opportunities through domain shifts. Notably, with recent advancements in
machine learning, such as generative models, TOA can be enhanced by extracting trends in
modern technologies from vast patent documents and generating insights beyond human
capabilities, which can potentially be transformed into valuable business knowledge.

This study introduces an analytical framework based on a generative—predic-
tive machine learning model for identifying new technological domains where exist-
ing technologies may create greater technological impact. A review of the literature on

@ Springer



Scientometrics

TOA reveals three main issues that should be addressed for this challenge. First, suit-
able technology-related data should be utilised to measure the impact of technologies
according to the domains in which they are applied. In this respect, patent classification
codes, claims, and forward citations are considered valuable sources of data because
(1) patent classification codes provide clues regarding the potential application areas
of the technological knowledge encapsulated within a patented invention (Joo & Kim,
2010; Kang, 2012; Los & Verspagen, 2000); (2) patent claims detail the functions of
the technology associated with a patented invention, outlining its intended purposes and
distinguishing it from other existing technologies (Lee et al., 2013b; Noh et al., 2015;
Park et al., 2012); and (3) the forward citations received by patents have been shown to
be positively correlated with the future technological impact of the associated technolo-
gies (Hong et al., 2022; Lee et al., 2007, 2018; Woo et al., 2019). Second, concerning
the development of machine learning models, examining how the impact of technology
varies depending on the technological domains in which its functions are applied is cru-
cial, considering the heterogeneity that exists across domains (Kim et al., 2022). While
previous studies have assessed the potential impact of existing technologies within a
particular technological domain, they have not considered the varying effects of imple-
menting specific technologies in different domains (Hong et al., 2022; Lee & Lee,
2019; Lee et al., 2018; Woo et al., 2019). Therefore, the domain-specific technological
impacts of existing technologies should be evaluated, considering their applications in
diverse contexts. Finally, the technological components used to represent technological
domains, such as patent classification codes, should be flexibly configurable to enable a
more fine-grained characterisation of technology opportunities. The appropriate number
and level of technological components required for representing technological domains
may vary with the scope of the analysis. This necessitates a generative model with a
broad representation space, which allows for technological domains to be depicted using
an arbitrary number of components in a multi-level hierarchical structure.

Given these considerations, the proposed analytical framework is designed to be exe-
cuted in four discrete steps. First, patent documents containing details about patent classes,
claims, and citation relationships among existing technologies are collected to represent
the domains, functions, and future impact of the associated technologies as machine-
readable data. Second, an impact-centric technology landscape is constructed using a
generative—predictive machine learning model that integrates the variational autoencoder
(VAE) and multi-layer perceptron (MLP) architectures. Specifically, the VAE and MLP are
jointly trained to reorganise the landscape such that technologies with similar domains and
impacts are located in close proximity. Third, a structured exploration of the technology
landscape based on a gradient ascent search algorithm reveals new technological domains
as opportunities for maximising the impact of the existing technologies. Finally, the reli-
ability and feasibility of the proposed analytical framework are examined by evaluating
its generative and predictive performance using quantitative metrics and examining the
changes in technological impacts resulting from the domain shifts.

We empirically analysed 133,654 patents granted in the field of artificial intelligence
(AI) technology. Subsequently, the proposed analytical framework was employed to iden-
tify potential new technological domains where the technologies described in the collected
patents are likely to have a greater impact. Upon evaluating these domain-shift opportuni-
ties, we found that the patents in the newly identified domains exhibited, on average, triple
the technological impact of those that remained within their original domains. Addition-
ally, they contained a higher proportion of breakthrough technologies—those with excep-
tionally high impact—compared with typical Al patents. These results confirm that the
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proposed analytical framework can be valuable for firms when formulating strategies to
maximise the utilisation of their existing technologies in the era of open innovation.

The remainder of this paper is organised as follows: Related work summarises the
related literature. Data and methodology explains the proposed analytical framework,
which is then illustrated through an empirical analysis in Empirical analysis and results.
Finally, Conclusions concludes the paper, discussing the limitations of our framework and
outlining future research directions.

Related work

TOA is a line of research that involves systematic examination and evaluation of techno-
logical trends, market needs, and organisational capabilities to discover promising oppor-
tunities for innovation (Porter & Detampel, 1995). Over the past few decades, numerous
studies have presented systematic approaches for TOA based on quantitative data and sci-
entific methods (Lee, 2021). The key focus of TOA is the incorporation of factors associ-
ated with the impact of a technology. In this context, patent documents are informative
as they encompass extensive and structured information—patent classification codes,
abstracts, claims, descriptions, and prior-art citations—that can signify an invention’s
potential impact. Among these details, patent classification codes and claims have been
considered pivotal in TOA as they clearly represent technological domains and functions,
respectively. Patent classification codes are a set of symbols used to organise patent docu-
ments into specific technology groups, outlining an invention’s scope of application. Based
on this notion, previous studies have attempted to examine the relevance of the technologi-
cal domains of a patent to its future impact. For instance, some studies have empirically
shown that a broader set of technological domains is positively related to forward cita-
tions and economic value (Los & Verspagen, 2000; Trajtenberg, 1990). Additionally, novel
combinations of technological domains, indicated by unique sets of patent classification
codes, are frequently associated with high technological impact due to their ability to fos-
ter disruptive innovation (Arts & Veugelers, 2015; Kim et al., 2016). Patent claims define
the legal boundaries of an invention through a set of numbered statements that specify the
essential elements and functions necessary to protect the invention against infringement.
The language of patent claims therefore captures the core functional features, capabilities,
and novel aspects of an invention, differentiating the patented invention from other existing
technologies. Previous research has utilised patent claims to represent the technological
functions embedded in a patent, showing that these functions are correlated with the inven-
tion’s future impact. Specifically, functional language that departs from prior art often sig-
nals breakthrough inventions, and patents having claims semantically distinct from exist-
ing technologies are more likely to achieve high technological impact (Hong et al., 2022;
Lee et al., 2013b). Apart from technological domains and functions, market-related factors,
such as commercial applicability, consumer acceptance, and competitive environment, can
also highlight new technology opportunities. Since the market value of a technology often
reflects its impact, these factors can play a critical role in TOA. However, compared with
technology-related factors, which are well-documented in patent literature, market-related
factors lack structured information and are often dispersed across various data sources.
This hinders TOA research based solely on market data.

Considering the aforementioned challenges, patent analysis is arguably the most scien-
tific TOA technique as it (1) enables the examination of numerous patents accumulated
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over long periods, providing objective and reliable insights into technology opportunities,
and (2) offers an empirical explanation of the multifaceted nature of technological innova-
tion activities (Lee et al., 2011, 2020; Trajtenberg, 1990; Yoon & Kim, 2011). Specifically,
patent analysis has benefitted from recent advancements in machine learning techniques
that facilitate the efficient extraction of important patterns and insights from extensive pat-
ent data across various domains (Lee et al., 2009, 2013a; Son et al., 2012; Wang et al.,
2017).

Modern TOA approaches based on patent analysis can be categorised into three main
groups: patent mapping, morphological, and patent landscape approaches. Patent mapping
involves the construction of a two-dimensional plot in which individual patents are mapped
through text mining and dimension reduction (Song et al., 2017). This approach reveals
patent vacuums—defined as regions with sparse patent density on the map—as unexplored
technological domains. Lee et al. (2009) and Yoon et al. (2002) constructed patent maps by
employing principal component analysis and self-organising feature map methods, respec-
tively, to visualise the relationships among patents and identify potential technology oppor-
tunities. Son et al. (2012) developed a patent map using generative topographic mapping,
a probabilistic method for creating a low-dimensional latent space from multidimensional
data, to discover patent vacuums. The morphological approach involves using text-mining
techniques to construct a morphological matrix based on patent information, which helps
divide a complex technology system into simpler, separate dimensions, each representing
various technological characteristics. This approach reveals the configurations occupied
by existing technologies and allows technology opportunities to be identified by exploring
unoccupied configuration territories. Yoon and Park (2005) developed a keyword-based
morphological analysis technique that uses information from patents on thin-film transis-
tor—liquid crystal display technologies. Yoon et al. (2008) conducted a morphological anal-
ysis using product manuals and patent documents to identify promising opportunities for
developing new products or technologies. Lee et al. (2013a) developed a modified morpho-
logical matrix using patents on electronic shopping technology to organise different types
of business models at the technological attribute level. The patent landscape approach is
based on the notion of recombinant search, conceptualised using technology landscapes
that serve as spatial metaphors, where each position indicates a particular configuration of
technological components. Lee and Lee (2019) developed a patent landscape by employ-
ing a vector space model composed of patent classification codes, wherein each position—
defined by a particular combination of patent classes—denotes a new technological idea
and/or associated patented inventions. This approach allows promising technology oppor-
tunities to be identified by evaluating the novelty and value of ideas derived from the patent
landscape using local outlier factors and naive Bayes algorithms.

Although existing approaches in TOA have proven useful in identifying new technologi-
cal ideas that have yet to be fully explored, they provide minimal insight into opportuni-
ties that can maximise the potential of existing technologies. Specifically, as firms tend
to focus more on exploiting their existing technologies in the current era of open inno-
vation, the practical utility of existing TOA approaches remains constrained (Ghemawat,
2003; Massa & Testa, 2008). This necessitates the development of an analytical frame-
work that can identify new technological domains in which existing technologies may have
a greater impact than in their current domains. In this regard, two key issues should be
addressed, which the previous approaches do not comprehensively consider. First, model-
ling the variation in the impact of a technology when its functions are applied to differ-
ent domains is crucial. However, patent mapping and morphological approaches typically
focus on identifying new technology opportunities within a single narrow technological
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domain rather than exploring multiple domains. This restriction stems from the reliance
of these techniques on expert knowledge and experience, which hinders the evaluation of
a wide array of potential ideas (Lee et al., 2015; Song et al., 2017; Yoon & Park, 2007).
Although the patent landscape approach enables extensive searches for technological ideas
and rapid assessments of their novelty and value, it does not consider the differing impacts
these technologies may have across various domains (Lee & Lee, 2019). Second, to rep-
resent technological domains, an expansive representation space that enables precise and
detailed depictions of the application of each technology should be established. In patent
analysis, technological domains are often represented by specific combinations of patent
classes. Accordingly, the representation space for these domains is defined by the num-
ber and depth of the patent classes involved. However, the existing TOA approaches uti-
lise high-level patent classification codes and a narrow, fixed array of patent classes owing
to constraints on computational resources and the space that can be explored (Lee et al.,
2009, 2013a; Son et al., 2012; Wang et al., 2017). To highlight possible avenues for meth-
odological adaptation, we propose an analytical framework based on a generative—predic-
tive machine learning model that can identify new technological domains in which exist-
ing technologies may yield greater technological impact. This study distinctly focuses on
repurposing and increasing the value of existing, proven technologies by exploring their
applications in novel contexts, rather than predicting completely new or emerging tech-
nologies. Table 1 summarises the differences between the existing approaches and the pro-
posed approach.

Data and methodology

The proposed analytical framework uses a generative—predictive machine learning model
to identify new technological domains in which existing technologies can have greater
technological impact. The overall analytical procedure is designed to be executed in four
discrete steps, as illustrated in Fig. 1. Specifically, four key methods underpin the frame-
work: (1) a generative machine learning model based on the VAE architecture to represent
existing technologies as fixed-size latent vectors; (2) a predictive machine learning model
based on the MLP architecture to quantitatively assess the technological impact of exist-
ing technologies using forward-citation information; (3) a joint training technique to con-
struct an impact-centric technology landscape, where technologies with similar domains
and impacts are closely positioned together; and (4) a gradient ascent search algorithm that
explores the technology landscape to identify new technological domains that can maxim-
ise the potential technological impact of existing technologies.

Data collection and pre-processing

We adopt the PatentsView database to collect patent documents on existing technolo-
gies. PatentsView is an open data platform developed by the United States Patent and
Trademark Office (USPTO) to alleviate the complexity and inconvenience associated
with using existing patent databases. PatentsView offers detailed information on patents
granted since 1976, providing patent classes, claims, and citations as bulk data. Initially,
we use the USPTO research datasets to identify the patent numbers of technologies rel-
evant to a particular field of interest. Subsequently, we collect the basic information
about these technologies from the PatentsView database, obtaining HTML-formatted
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Fig. 1 Overall workflow of proposed analytical framework

patent documents that contain both structured data (e.g. patent number, grant date, and
patent classification codes) and unstructured data (e.g. abstracts and claims). The col-
lected patent documents are then parsed and stored according to the specific types of
information that they contained.

The proposed analytical framework uses patent classes, patent claims, and forward
citations from the collected data to represent the technological domains, functions, and
impacts of existing technologies. Patent classes, which are assigned to patents for cate-
gorisation, specify the combination of technological components on which the patented
inventions are based; they further indicate the potential application areas of the techno-
logical knowledge encapsulated within the inventions (Kang, 2012; Los & Verspagen,
2000). We utilise codes under the Cooperative Patent Classification (CPC), a scheme
jointly developed by the European Patent Office (EPO) and USPTO, which offers global
consistency and is regularly revised to ensure relevance and currentness (U.S. Patent
and Trademark Office and European Patent Office, 2017). This allows us to capture the
technological domains of existing technologies by assessing recent global technological
trends. The CPC currently serves as a global standard as it facilitates patent searches,
technology trend analysis, and international cooperation. The structure of the CPC
mainly follows that of the International Patent Classification scheme, managed by the
World Intellectual Property Organization. Specifically, CPC codes comprise sections,
classes, subclasses, main groups, and subgroups based on a hierarchical structure. Con-
sidering the breadth of technological knowledge covered by each CPC level, the main
group of CPC codes is employed to represent technological domains as it encompasses
specific products, processes, and mechanisms related to patented inventions (Park
& Yoon, 2017). Patent claims, featured in a patent document to define the technical
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boundaries of an invention’s protection rights, describe the distinct technological func-
tions that patented inventions can provide (Lee et al., 2013b). A patent document con-
tains two types of claims: independent claims, which list the core functionalities of the
patented invention, and dependent claims, which cover additional details; hence, the
proposed analytical framework mainly utilises independent claims to capture the core
technological functions of patented inventions in detail. Considering the positive cor-
relation between the number of forward citations and the impact of patented inventions,
as demonstrated by many empirical studies, the proposed analytical framework uses the
forward citation counts of patents to evaluate the technological impact of existing tech-
nologies (Basberg, 1987; Kim et al., 2011; Lerner, 1994; Trajtenberg, 1990). Consid-
ering the temporal dynamics of technology, the framework focuses on the number of
forward citations received by a patent within five years of grant approval. This ensures
fair comparison of technological impact across patents granted at different times. Spe-
cifically, the five-year window is effective for identifying the potential of technology
opportunities amid rapidly evolving technological trends.

The collected data are pre-processed to ensure compatibility with our machine learn-
ing models. Specifically, since a given patent may belong to one or more patent classes
defining its technological domains, we consider the set of CPC codes as a variable-length
sequence. These codes are then tokenised into a discrete sequence to be utilised as model
input. Similarly, given that patent claims are described in natural language, which com-
prises sequences of technological terms, the claims are tokenised using a predefined token-
iser developed for natural language processing. Additionally, the text in patent claims is
cleaned by removing special symbols, stop words, and meaningless words, before being
converted into sequences of discrete tokens. In terms of the technological impact, forward
citation counts generally reflect impact differently across fields. For example, patents with
more than five forward citations are rare in laser technology but common in biotechnol-
ogy (Breschi et al., 2006). Furthermore, since breakthrough technologies seldom appear in
practice, the distribution of forward citation counts follows a negative exponential pattern:
most patents receive few citations, while a small minority receive many. Thus, to evaluate
the impact of technology opportunities, distinguishing the typical citation counts that most
patents receive from the exceptionally high counts that a few breakthrough patents receive
is reasonable. Accordingly, recent studies have adopted quantised forward citation counts
as a proxy for a patent’s technological impact instead of raw citation counts (Lee & Lee,
2019; Lee et al., 2018; Woo et al., 2019). With reference to existing classification schemes,
the proposed framework transforms forward citation counts into binary labels based on the
percentile rank of the citation counts (specifically, the top 10%) within the entire set of col-
lected patents. The collected patents are then labelled L1 (breakthrough) if they received
more than the top 10% of forward citations or L2 (common) otherwise.

Construction of impact-centric technology landscape

An impact-centric technology landscape is constructed using a generative—predictive
machine learning model based on the VAE and MLP architectures, as shown in Fig. 2.
A VAE is a generative neural network architecture designed to learn a compressed rep-
resentation of high-dimensional data in an unsupervised manner and to reconstruct the
input data from the learned representation. VAEs comprise two main modules: an encoder
and a decoder. The encoder converts the input data into latent vectors, while the decoder
reconstructs the input based on these vectors. Through this reconstruction process, VAEs
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Fig.2 Generative—predictive machine learning model based on VAE and MLP architectures

leverage latent vectors to capture the underlying features of the input, thereby constructing
a latent space. Notably, each latent vector is derived through sampling from a probability
distribution associated with its corresponding input, which results in slight variations even
for identical inputs due to the probabilistic nature of the encoding process. This allows
VAEs to generate novel and diverse outputs, even from unseen inputs.

The generative component of our model is configured to accept patent classes and
claims and reconstruct the patent classes using recurrent neural networks (RNNs) and
transformers. RNNs consist of interconnected artificial neural networks designed to pro-
cess sequential data (Salehinejad et al., 2017). In our model, two distinct RNNs are used as
the encoder and decoder, which accept sequences of CPC codes as input and generate CPC
sequences as output, respectively. Transformers, which function based on self-attention
mechanisms, efficiently handle long-term dependencies in sequential data by processing
inputs in parallel (Vaswani et al., 2017). The transformer model in the proposed framework
serves as another encoder, accepting patent claim text as input. The predictive component
of our model employs an MLP to predict the technological impact label, which categorises
the number of forward citations received by a patent. An MLP is a type of artificial neural
network comprising multiple layers of interconnected neurons, typically used for classifica-
tion and regression tasks.

Specifically, once a patent is input into the model, its CPC sequence (x_,,,) and claim
text (X.,;,) are encoded by the RNN and transformer, respectively, and then merged into a
unified feature vector. This feature vector is subsequently transformed into mean (y,) and
variance (o,) vectors that represent the probability distributions of latent variables for the
input data. Thereafter, a continuous latent vector z is sampled from the multivariate prob-
ability distribution defined by y, and o, and then positioned within the latent space. Subse-
quently, the latent vector z is decoded into a sequence of CPC codes that mirrors the struc-
ture of the input data. This decoded sequence represents an artificial set of patent classes
corresponding to the relevant technological domain. The stochastic sampling process of the
VAE allows it to generate new yet semantically valid sequences of CPC codes that were not
included in the training data. This is a crucial feature that addresses the limitations inherent
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in existing patent mapping or morphological approaches, which are confined to exploring
existing technological configurations or rely on expert knowledge. The predictive compo-
nent of the model then estimates the technological impact of existing technologies using
the latent vector associated with each patent as input.

The generative and predictive components of our model are jointly trained using an inte-
grated loss function that combines reconstruction, regularisation, and prediction losses, as
detailed in Eq. (1):

—

TotalLoss = CrossEntropy (X ues Xetass) + D (N (1 0) I N(O, 1)) + CrossEntropy(y, 9)

D
where the first term represents the reconstruction loss, calculated as the cross-entropy loss
between the true and reconstructed CPC sequences; the second term indicates the regulari-
sation loss computed using the Kullback-Leibler divergence between the prior distribution
of the latent vector z (assumed to be a Gaussian distribution) and the probability distribu-
tion parameterised by u, and o,; and the third term denotes the prediction loss, which is
the cross-entropy loss between the true and predicted technological impact labels. During
training, the model learns to synthesise valid CPC sequences while simultaneously estimat-
ing the number of forward citations received by existing technologies. This joint training
of generative and predictive components of our model forces the latent space to encode
features that are effective not only for reconstructing realistic CPC sequences, but for pre-
dicting technological impacts. Consequently, the latent vectors converted from patents that
share similar classification information and technological impact are positioned closely
together in the latent space. This arrangement forms an impact-centric technology land-
scape, enabling the potential impact of a technology to be predicted based on its specific
technological function within a given domain.

Identification of technology opportunities

This step involves identifying technology opportunities by searching the impact-centric
technology landscape for new technological domains where existing technologies may
yield greater impact. To achieve this, the landscape is systematically explored using a gra-
dient ascent search algorithm. In vector calculus, a non-zero gradient for a function at a
given point indicates the direction of the steepest ascent, with its magnitude representing
the rate of increase. Based on this notion, the algorithm iteratively updates the position
of an initial point p, by moving along the gradient, thereby finding a new point p,, that
is guaranteed to lie on a contour corresponding to a higher function value, as shown in
Eq. (2):

Puri =Py +a-Vf(p,) )

where f is the objective function to be maximised, and « is a predefined step-size param-
eter. After each update, the gradient at the new position Vf (pn " 1) is recalculated, and the
process repeats until a termination condition is satisfied. This condition typically includes
(1) achieving a sufficiently high function value; (2) a change in the function value below
a predefined tolerance; or (3) reaching a predefined maximum number of iterations.
Throughout this process, each position update guarantees an increase in the function value,
ensuring monotonic ascent towards a local maximum.

Using the gradient ascent search algorithm, the proposed analytical framework
explores the impact-centric technology landscape to identify new technological domains
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where existing technologies may create greater potential impact, as illustrated in Fig. 3.
It is noteworthy that the optimisation process based on gradient ascent search should be
performed over a continuous space because of the necessity of calculating derivatives
of the objective function to find the gradient. Here, the latent space constructed by the
VAE is composed of fixed-size continuous vectors, allowing for gradient ascent-based
exploration, whereas the CPC sequences in the input space are discrete and variable in
length, preventing their use in such continuous optimisation. The continuous nature of
the latent space exploration allows for a shift to new domains with greater impact with-
out deviating significantly from the original domain. This aligns with the fact that tech-
nological innovations often arise through the gradual expansion and transition of exist-
ing knowledge. Here, the predictive model — trained to estimate technological impact
from the latent vectors of patents — serves as the objective function. First, each patent
document is input into the generative—predictive model and converted into a latent vec-
tor based on its patent classes and claims. The model then outputs the predicted prob-
ability of the patent’s impact label being L1 (i.e. high technological impact based on
the forward citation count). Then, the gradient of this L1 probability with respect to
the focal latent vector is calculated via backpropagation. In this step, the position of
the focal latent vector is updated to maximise the L1 probability. With the latent vector
being iteratively updated in this manner, the exploration process continues until the L1
probability exceeds a desired termination threshold (e.g. 0.8). As a result, we obtain a
new CPC sequence that corresponds to a technological domain where the existing pat-
ented invention is expected to achieve greater impact. Notably, the position optimised
for the focal latent vector might be a local optimum. While the global optimum can offer
the highest L1 probability, the technological domain associated with it may vary greatly
from the patent’s original domain. In such cases, applying the technological functions
inherent in the focal patent to the new domain may be unrealistic. Hence, despite the
risk of getting stuck in local optima, the gradient ascent search algorithm can be useful
for identifying new technology opportunities.

High value

»

Moderate value

A

>

Gradient ascent " " Low value
optimisation & :

[A61C003]

FOBO o o) G050} [Gogra0n)

. [GO6F007] [GO3H001] g [GO6F019]

[GO6F007] [GO3H001] (GO3HO01]

Input CPC sequence Iteration 1 Iteration i Iterationn  Output CPC sequence
(Low impact) (Moderate impact) (High impact)

Fig.3 Example of exploration of impact-centric technology landscape
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Validation of identified technology opportunities

The reliability of the proposed analytical framework depends on our model’s performance
in generating valid CPC sequences and predicting technological impact labels for exist-
ing technologies. When a patent is input into the model, the generative performance is
appraised based on the similarity between the patent’s original CPC sequence and the CPC
sequence generated by the model. Considering that all main groups of CPC codes assigned
to a patent have equal importance, the technological domain of a patent can be viewed as a
set of assigned CPC codes. Accordingly, the generative performance of our model is evalu-
ated based on Jaccard similarity, which measures the number of shared elements between
two finite sample sets, as shown in Eq. (3):

|A nB| 3
|A U B| 3)

JaccardSimilarity =

where A and B are the two sets being compared. This similarity measure ranges from 0 to
1, where 1 indicates that the two sets have the same elements, and O indicates no similarity
between the two sets. The model’s predictive performance is measured by comparing the
actual and predicted technological impact labels. Several performance evaluation metrics
are utilised for classification tasks: accuracy, precision, recall, and Fl-score (Hossion &
Sulaiman, 2015). Although accuracy comprehensively measures overall classification per-
formance, it can yield misleading results when the dataset is imbalanced (Kim et al., 2019).
Given the highly skewed distribution of forward citations in real-world scenarios, we addi-
tionally employ precision, recall, and F1-score to measure the overall effectiveness of our
model’s predictive component.

The feasibility of the proposed analytical framework lies in its ability to identify new
technological domains where existing technologies are likely to achieve greater impact. To
evaluate this ability, we compare the predicted technological impact when each patented
invention is deployed within its existing domain against that in the new domain identi-
fied by the proposed analytical framework. Specifically, we devise two validation schemes
at different levels: (1) a micro-validation analysis to determine whether the proposed ana-
lytical framework can identify practical and valuable technology opportunities at the indi-
vidual patent level using patent citation networks, and (2) a macro-validation analysis to
gauge how the identified opportunities influence broader technology trends by examining
technological impact across a domain-wide group of patents.

A patent citation represents the portion of technological knowledge inherent in the cit-
ing patent that stems from the cited patent and, as such, explains the knowledge transfer
process (Kim & Magee, 2017). Therefore, the citation links among patent classification
codes offer clues regarding the historical development of technology based on domain
shifts, revealing how technology opportunities emerged from existing technologies and
were subsequently applied (Park & Yoon, 2018). In this regard, the micro-validation
analysis is designed to examine the anticipated technological impact of applying existing
patented inventions in new domains relative to their impact in their respective original
domains. As the impact of a patented invention in a different domain cannot be observed
directly, we compare the impacts of subsequent patents citing the focal patent in the same
domain and in different domains. Figure 4 illustrates the overall structure of the citation
relationships utilised for this analysis, while Table 2 presents the notations used to describe
the analysis procedure. Specifically, we denote the set of patent classes assigned to each

patent P in the collected data as Class,, 4, and the corresponding claims as Claim,, gy -
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Table 2 Notations for micro-validation analysis

Term Definition

P A patent in the collected data (the focal patent)

Class ,yiginal The set of patent classes assigned to P

Claim,,ginq The patent claim text of P

Class,,,, The new technological domain for P identified using the proposed
analytical framework

{ P, n.ng} The set of patents that cite P

Class jsing The set of patent classes assigned to each citing patent in {Pciting}

{p, Jingshifte i) The set of citing patents belonging to Class,,,,,

{p, ring, remaine i) The set of citing patents belonging to Class ;i

The new technological domain for the focal patent identified using the proposed analytical
framework is then denoted as Class,,,,. Notably, Class,,,, might be identical to Class,giq
(see the right side of Fig. 4), which indicates that a domain shift may not enhance the focal
patent’s technological impact significantly. This implies that the focal patent has already
been applied in an optimal technological domain and has achieved sufficient impact. The
set of patents that cite the focal patent is defined as {Pciting}' Among the citing patents, we
separate those belonging to the new technological domain and consider them as a refer-
ence set of patents indicating real examples of technological domain shifts; the set of those
patents is denoted as {Pciﬁng /Shiﬁed}. Conversely, the other citing patents, which belong to
the same domain as the focal patent, are regarded as examples of within-domain techno-
logical improvement; this set of patents is denoted as {Pcmng /,emamed}. Specifically, if the
set of patent classes assigned to P, differs in even one CPC code from Class, gy it is
considered an example of domain shift (i.e. P /smieq)- This strict criterion is established

citing
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based on the understanding that increases in technological impact from a domain shift can
arise not only from radical innovations, which are extremely rare, but also from incremen-
tal adaptations. In this context, we consider the main group-level CPC code suitable for
monitoring shifts in technological domains, as it provides fine-grained coverage of technol-
ogy applications. Finally, the practicality of the technology opportunities identified using
the proposed analytical framework is assessed by examining the differences in technologi-
cal impact among the patents in {Pcm-ng /Shif,ed} and {Pcmng /,emamed}. Hence, based on the
patent citation networks, the micro-validation analysis confirms whether existing technolo-
gies can achieve greater impact when applied in the new domains identified using the pro-
posed analytical framework.

The macro-validation analysis involves examining the influence of the identified tech-
nology opportunities on technology trends at a collective level. To this end, we again meas-
ure the general impact of technologies based on the forward citation count of a patent. Spe-
cifically, for each patent, we compute the average forward citation counts among patents in
the same domain and among those in the new domain identified using the proposed ana-
lytical framework. We then determine the macro-level impact based on whether the aver-
age forward citation counts in the new domain exceed those in the original domain for each
focal patent.

Empirical analysis and results

An empirical analysis of patents associated with Al was conducted to demonstrate the
effectiveness of the proposed analytical framework. Al technology has advanced sig-
nificantly over the past few decades and is now considered a general-purpose technol-
ogy with broad applicability across various domains, such as manufacturing, healthcare,
and robotics. Moreover, Al technologies currently have many cross-domain applications
because despite being initially designed for a particular technological domain, they have
been repurposed and innovatively utilised in other domains. For instance, deep learn-
ing—based object detection techniques, such as R-CNN (Girshick et al., 2014) and YOLO
(Redmon et al., 2015), were originally developed to recognise common objects, includ-
ing pedestrians, cars, and animals, in various types of images; however, they are currently
being employed prominently in the healthcare sector for medical image analysis (Li et al.,
2019). In this context, Al is at the forefront of patenting activities in most industries and
has emerged as one of the most productive technologies, with a notably high rate of patent
grants. Accordingly, patents related to Al technology are suitable as subjects of empirical
analysis to validate the reliability and practicality of the proposed analytical framework.

Data collection and pre-processing

To construct the patent database, the patent numbers of patents related to Al technology
were collected from the Artificial Intelligence Patent Dataset (AIPD), a publicly available
dataset covering a broad range of Al patent documents provided by the USPTO (Pairolero
et al., 2025). The AIPD contains about 15 million U.S. patent documents (including both
patents and pre-grant publications) published from 1976 through 2023 in the field of AL
This dataset was created using machine learning techniques that identify patent documents
containing one or more key components of Al technology, such as machine learning, nat-
ural language processing, computer vision, speech, knowledge processing, Al hardware,
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evolutionary computation, and planning and control. From the AIPD, we extracted the pat-
ent numbers of patents granted by the USPTO and predicted as having a high probability
of being Al patents. Given that Al technology has rapidly developed over the past 20 years
since the introduction of the deep belief network in 2006 (Hinton et al., 2006), we focused
on technology opportunities in the Al field identified between 2006 and the present. Spe-
cifically, patents granted between 2006 and 2020 were identified considering that the pro-
posed analytical framework employs a five-year window to calculate the forward citation
counts. We obtained HTML-formatted documents containing the patent class and claim
information corresponding to the identified patents from the bulk data provided by Patents-
View. After parsing the documents and removing observations with missing values, the
constructed patent database contained 133,654 Al-related patents, as shown in. Table 3.

The collected patent data were then pre-processed for application to the generative—pre-
dictive machine learning model developed in this study. First, we tokenised the CPC codes
by treating each main group (e.g. GO6F015 and HO4L012) as a separate token. Next,
because patent claims are hierarchical and since the first claim captures an invention’s
core functions (Yang & Soo, 2012), we extracted only the first claim to limit the compu-
tational cost. The patent claims were then tokenised using a WordPiece tokeniser, which
has been widely used in BERT-based models. Finally, as described previously, we quanti-
fied the technological impact of each patented invention as the number of forward citations
received within five years of grant approval. Thereafter, we categorised the patents into
the breakthrough (L1) and common (L2) groups based on the previously defined percen-
tile criterion (top 10%). In our patent database, the 90th percentile of citation counts was
15; hence, patents with more than 15 citations were labelled L1, whereas those with 15 or
fewer were labelled L2.

To ensure the generalisability of our model, we split the constructed patent database
into training, validation, and test sets. Following the commonly used dataset split criterion
for training machine learning models, we allocated 70% of the data for training, 20% for
validation, and 10% for testing through stratified random sampling. The resulting training,
validation, and test sets contained 96,230, 24,058, and 13,366 samples, respectively.

Construction of impact-centric technology landscape

An impact-centric technology landscape was constructed by training the generative—pre-
dictive machine learning model on the patent database, using PyTorch as the main Python
framework. Since our model includes deep and complex structures, various hyperparam-
eters needed to be carefully determined based on the size and nature of the datasets. Pilot
experiments were conducted in advance using a random search algorithm to determine the
optimal set of hyperparameters. The hyperparameters selected for building and training the
model are listed in (Appendix A). Moreover, because the proposed analytical framework
is designed to jointly train the generative and predictive models using three disparate loss
functions, balancing learning between the generation and prediction tasks is essential. For
brevity, the complete details of the model training process are presented in Appendix A.
The impact-centric technology landscape was constructed using the joint training of the
generative and predictive part of our model, and parts of it are presented in Table 4.

Once a patent is input into the trained model, the CPC sequence is reconstructed, and
the technological impact label is predicted for the corresponding patent, as illustrated
in Table 5. For instance, the actual CPC sequence of the patent numbered 6,983,071 is
(G0O6V010, GO6V030), and its technological impact label is L2 because its forward citation
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Table 4 Parts of impact-centric technology landscape

Patent Latent vector
Patent number Patent classes (CPC v Vv, V3 .o V3 Vi1 Vi
sequence)

6,983,071 G06V030, GO6VO010 —-1.172 0.349 -0503 ... 1.103 0473 0.186

6,983,272 G06Q030, G06Q040, 0.529 -0.402 0.433 ... —0.291 0.242 -1.772
G06Q050, ...

9,223,967 GO6F021, GO6F009, 0.670 —-0.946 0.713 ... —1.880 —0465 -0.456
GO6F011

9,224,096 GO6N003, HO4W004, —-1.343 -5.160 —4.010 ... 1.129 -9.250 -0.190
GO6F021, ...

count is 0. Our model successfully reconstructed the CPC sequence for this patent and
correctly predicted its technological impact label. This result confirms that our model has
adequately learnt the data required to construct an impact-centric technology landscape, in
which technologies sharing similar domains and impacts are closely positioned.

Identification of technology opportunities

This step involves identifying new technological domains for existing technologies by
exploring the impact-centric technology landscape using a gradient ascent search algo-
rithm. First, the gradient of the L1 probability for the input patent’s latent vector is com-
puted. Next, the vector’s position is updated in the gradient direction, and this procedure
is repeated until the L1 probability exceeds a predetermined termination threshold. We set
this threshold at 0.8 to ensure that the new domain would result in a significantly higher
impact than the patent’s original domain. With the latent vector at the final position, our
model generates a CPC sequence that is expected to be the new technological domain
where the patented invention may yield a greater technological impact.

Table 6 illustrates how the technology domain shifts during the landscape explora-
tion. Notably, we continued the gradient ascent search beyond the termination threshold to
track further changes. For example, Patent 6,983,071 was initially mapped to CPC codes
G06V010 and GO6V30, which cover ‘Arrangements for image or video recognition or
understanding’ and ‘Character recognition; Recognising digital ink; Document-oriented
image-based pattern recognition’, respectively. It should be noted that, as the exploration
progressed, a new CPC code GO6F016 appeared, which covers ‘Information retrieval;
Database structures therefor; File system structures therefor’. This domain shift suggests
that image-recognition or video-recognition methods have the potential to be useful in
information retrieval. This observation aligns with the increasing demand for multi-modal
inputs in search engines, as demonstrated by Google Lens.

The aforementioned findings demonstrate how the estimated L1 probabilities increase
during the exploration process. They also highlight that as the potential for technologi-
cal impact increases, the generated CPC sequences diverge incrementally from the origi-
nal CPC sequences of the patents. These results confirm that the proposed analytical
framework can methodically identify new technology domains that draw on the potential
for innovation inherent in existing technologies by navigating the constructed technology
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landscape. Although the exploration results explain the process of identifying potential
technology opportunities, further validation is required to quantitatively evaluate the reli-
ability and feasibility of the proposed analytical framework.

Validation of identified technology opportunities

To verify the reliability of the proposed analytical framework, we examined our model’s
performance on the generation and prediction tasks using the test set shown in Table 7. The
generative performance was measured in terms of the Jaccard similarity between the origi-
nal and generated CPC sequences, as shown inTable 7(a). The results show that our model
can accurately reconstruct the actual sets of patent classification codes assigned to existing
technologies. Table 7(b) presents the predictive performance of the model based on per-
formance evaluation metrics relevant to classification. The evaluation involved comparing
the actual and predicted technological impact labels of the collected patents. The values of
the metrics for L1 and L2 were computed based on the estimated classification probability
for each label. Despite the overall prediction accuracy being satisfactory, we focused more
on other metrics due to the inherent imbalance in the patent database regarding techno-
logical impact labels. The precision, recall, and Fl-score values indicate that our model
successfully classified patents with the L2 label, whereas it performed modestly for those
with the L1 label. Specifically, based on the F1-score, our model exhibited relatively poor
predictive performance for the L1-labelled patents compared with the L2-labelled patents.
This is because L1-labelled patents constitute only a minor proportion (10%) of the entire
database. Importantly, for the L1 label, the recall value was much higher than the precision
value. This result shows that our model is aggressive in predicting L1 labels, trying to clas-
sify high-impact technologies as accurately as possible. In other words, it focuses more on
learning the distinct features of breakthrough technologies over common ones, based on
their technological domains and the functions mentioned in the patent documents. There-
fore, while this model may not be ideal for filtering out less significant technology oppor-
tunities, it could still be valuable for guiding the discovery of new domains where existing
technologies may achieve greater impact. Based on these results, we conclude that the con-
structed impact-centric technology landscape sufficiently reflects real-world scenarios as it
was appropriately reorganised through the joint training of our model.

Micro- and macro-validation analyses were conducted on the test set to verify the feasi-
bility of the proposed analytical framework. The data used for model training encompassed
patents granted between 2006 and 2015, along with their forward citation counts across
five years after grant approval. The micro-validation analysis focused on the technologi-
cal impact of the patents that cited the patents in the test set, i.e. the citing patents, based
on their application domains. Therefore, we utilised Al-related patent documents granted
between 2016 and 2020 to obtain information about the technological domains and impacts
associated with the citing patents. By excluding patents without any forward citations, we
identified a total of 6,929 pairs of patents, each consisting of a patent P in the test set and
a corresponding set of patents P, that cited P. Among them, 1,930 citing patents were
found to belong to the same domain as P, i.e. Class,,;,;,,;- We considered these patents
as examples of within-domain improvement {Pciting /,ema,»ned}. We then identified 61 citing
patents belonging to the new technological domain identified by the proposed analytical
framework, i.e. Class,,,,,, and considered them as domain-shift examples {Pming Jshified }

new?
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Table 8 Results of micro-validation analysis

Subset of citing patents Forward citations

Count (exceed- Average Standard deviation Minimum Median Maximum
ing L1 crite-

rion)
{ P ting Jremaine d} 1930 5.6662 13.4039 0 2 160.7
{Pciting/shiﬁed} 61 (18,29.51%) 16.9016 30.7678 0 4 153

Table 8 presents descriptive statistics, including the average, standard deviation, mini-
mum, median, and maximum values, of the forward citation counts computed for each pat-
ent in {Pciﬁng /mmined} and {Pciﬁng /Shifmd}. As observed, the average forward citation count
£Or { P sing/remainea § Was only 5.6662, which is fairly low considering that the threshold to
separate breakthrough (L1) and common (L2) technologies was set at 15 citations. Moreo-
ver, most of the patents in {Pcmng /,emuined} have fewer than three forward citations, which
aligns with the general trends of patents relevant to Al technology. This result empiri-
cally confirms that most technological advances are incremental and that breakthrough
inventions are rare. Compared with those in {Pcm'ng /mmmned}, the patents in {Pciting /Shl-ﬂed}
exhibited a notably higher average forward citation count of 16.9016. Thus, the patents
in {Pciting /Shl_-ﬁed} are likely to pertain to more innovative technological domains than the
existing patents that they cite. Notably, {Pcm-ng /Shiﬁed} exhibited a relatively high standard
deviation of about 30, which indicates that the forward citation counts varied considerably
across patents. This observation aligns with the notion that while disruptive innovations in
technologies resulting from domain shifts may have significant technological impacts, they
often prove unviable (Adner & Levinthal, 2002). Moreover, among the examples of tech-
nological domain shifts in {Pciting /sh,ﬁed}, 18 patents exceeded the L1 criterion, i.e. break-
through inventions, accounting for approximately 30% of the 61 total patents. Given that
the breakthrough patents were considered to be those with the top 10% of forward citation
counts within the entire set of collected patents, this result demonstrates that the technol-
ogy opportunities identified by our model are more likely to drive technological innovation
than typically observed.

However, the results of the micro-validation analysis can vary with the termination
threshold for the exploration since this threshold determines when to stop the gradient
ascent search and obtain the modified CPC sequence that will serve as a new technological
domain. To validate the proposed analytical framework more thoroughly, we performed a
sensitivity analysis for five termination thresholds ranging from 0.5 to 0.9 with intervals of
0.1. Based on the sensitivity analysis results, we computed descriptive statistics of the for-
ward citation counts for each version of {Pciting /Shi/-,ed} derived by exploring the impact-cen-
tric technology landscape under each termination threshold, as shown in Table 9. Among
the five threshold values, 0.8, the value that we had originally set, yielded much higher
average forward citation counts, as well as a significantly higher proportion of L1 patents
in {Pcifing /shiﬂed}, compared with the other thresholds. Thus, the results of the micro-valida-
tion analysis confirm that the proposed analytical framework can identify new technology
domains where existing technologies can have greater impact than in their current domains,
at the individual patent level.
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Table 9 Sensitivity analysis results for termination threshold during exploration

Termination Forward citations

threshold
Count (exceeding Average  Standard deviation ~ Minimum  Median =~ Maximum
L1 criterion)

0.5 57 (10, 17.54%)  13.1053  41.4577 0 2 276

0.6 57 9, 15.79%) 7.1228 12.1068 0 3 71

0.7 56 (12, 21.43%) 11.4286  20.0725 0 45 102

0.8 61 (18,29.51%) 16,9016  30.7678 0 4 153

0.9 48 (8, 16.67%) 7.9375 9.2216 0 4.5 40

For a more detailed examination of the citation patterns associated with the domain
shifts that occur when the functions of existing technologies are applied in other domains,
we investigated the identified technology opportunities in depth. Considering that
{Pcm,lg /shifzed} represents the real examples of technological domain shifts, this investiga-
tion offered additional clues regarding the practicality of the proposed analytical frame-
work. Specifically, we examined individual patents in {Pciting /Shlﬁed}, particularly those
with high forward citation counts, to assess whether the identified technology opportunities
could represent genuine breakthroughs. Referring to the micro-validation analysis results
presented earlier, 18 of the patents within {P,;;,./geq | €xceeded the L1 criterion (i.e.
breakthrough examples). Table 10 summarises the original and shifted domains for each
patent, alongside the corresponding technological impact.

Based on the obtained results, we first compared the technological domains of each
citing patent with those of the focal patent. For instance, Patent 7,697,758 was originally
assigned to Class,,,;,;, consisting of two CPC codes: ‘G06K009: Methods or arrangements
for recognising patterns’ and ‘G0O6V030: Character recognition; Recognising digital ink;
Document-oriented image-based pattern recognition’. For this patent, our model identified
a new domain Class,,,, which added ‘G06V010: Arrangements for image or video recog-
nition or understanding’, ‘GO6V020: Scenes; Scene-specific elements’, and ‘G06F016:
Information retrieval; Database structures therefor; File system structures therefor’. Among
the patents citing the focal patent, Patent 8,953,886 was assigned to the same CPC codes
as Class,,,,, demonstrating the existence of the domain shift identified by the proposed
analytical framework. For another example, Patent 7,024,364 was originally assigned to
Class ,yiginq that covers two CPC codes: ‘G10LO15: Speech recognition” and ‘H04MO003:
Automatic or semi-automatic exchanges in telephonic communication’. Our model then
suggested replacing H04MO003 with ‘GO6F003: Input arrangements for transferring data
to be processed into a form capable of being handled by the computer’. Evidence of this
domain shift comes from two patents, Patent 8,589,161 and 9,721,566, that cited Patent
7,024,364. Importantly, this example illustrates a more innovative domain shift from tel-
ephonic communication to general computing, spanning broader categories at the class-
level CPC codes. In most instances of domain shifts identified by our model, the citing pat-
ents had higher forward citation counts than the cited patents. This demonstrates that the
proposed analytical framework systematically captures technological domain shifts neces-
sary to maximise technological impacts, whether they are incremental or radical.

Beyond comparing CPC sequences, we examined the differences in the technologi-
cal knowledge embedded within the existing patented inventions and their citing patents,
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focusing on the description section in the patent document. For example, Patent 7,697,758,
titled ‘Shape clustering and cluster-level manual identification in post optical character rec-
ognition’, introduces a post-OCR (Optical Character Recognition) processing method that
clusters similar character image snippets from an OCR output to detect and correct recog-
nition errors. The patent for this invention was granted in 2010 and was cited in 2013 by
Patent 8,953,886, titled ‘Method and system for character recognition’, which describes a
more comprehensive character recognition system that extends beyond individual charac-
ter shapes. In this example, the citing patent repurposed the clustering-based OCR post-
processing concept from the cited patent within a larger, more versatile system that cov-
ers end-to-end document handling, from image capture and segmentation to information
retrieval. Specifically, the application area of the cited patent (7,697,758) was relatively
narrow as it was especially useful in digitising printed texts (e.g. scanned books or forms).
However, the application scope of the citing patent (8,953,886) spans multiple domains,
from page segmentation to information retrieval, as the invention not only captures text
from a physical document but also searches for data related to the recognised text. In this
process, the technological function of OCR post-processing specified by the cited patent
(7,697,758) is utilised, enabling users to find the electronic version or metadata of a physi-
cal document. This example illustrates a clear technological transformation into modern
multi-modal search systems, such as conversational Al services that process and under-
stand images and text together. The example also showcases the practical realisation of
a technology opportunity identified by the proposed analytical framework. Notably, the
citing patent received more forward citations (39) than the focal patented invention (33),
which highlights that the citing patent successfully realised the technology opportunity
created by the innovative domain shift. The results of this in-depth investigation demon-
strate the viability of the technology opportunities identified by the proposed analytical
framework through real-world examples of technological domain shifts. Consequently, our
framework is expected to serve as a key tool for identifying new technological domains
where existing technologies can produce greater technological impact.

For the macro-validation analysis, we derived patent indicators for Al-related patents.
For each patent in the compiled dataset, we compared the average forward citation count of
the other patents in its original domain with that of the patents in the new domain identified
using the proposed analytical framework. Table 11 presents the results of this comparison.

Table 11 Results of macro-validation analysis

Patent number CPC sequence Average for-
ward citation
count

8,386,498 Original patented invention HO04L063, HO4L.041 18.1667

Identified technology opportunity ~ GO6F016, HO4L063, GO6F021 9.0000

7,647,471 Original patented invention GO6F012 4.8472

Identified technology opportunity ~ GO6F016, GO6F021 14.0000
7,496,557 Original patented invention Y10S707, GO6F016 9.9010

Identified technology opportunity ~ GO6F016 10.1000
Overall (averaged) Original patented inventions 10.3353

Identified technology opportunities 13.4855
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Overall, the patents in the new domains exhibited a greater technological impact than those
in the original domains. This result demonstrates that the new technological domains iden-
tified using the proposed framework have, on average, a more positive influence on the
overall technology trends than the domains where the existing patented inventions have
already been applied.

Although the foregoing empirical analysis of Al technology underscores the reliabil-
ity and feasibility of the proposed analytical framework, it covered only one technology
field. Therefore, we assessed the applicability of the proposed analytical framework further
through a robustness test considering a different technology field, i.e. semiconductors, as
detailed in Appendix B.

Conclusions

This study introduces an analytical framework that uses a generative—predictive machine
learning model based on the VAE and MLP architectures to identify new technological
domains in which existing technologies may yield greater technological impact. Within the
proposed framework, the generative and predictive components of the model are jointly
trained to construct an impact-centric technology landscape where existing technologies
with similar technological impacts are closely positioned. A gradient ascent search algo-
rithm is used to explore this technology landscape and identify promising new technologi-
cal domains for existing technologies. The empirical analysis conducted on 133,654 Al-
related patents demonstrates the reliability and feasibility of the proposed framework for
building a realistic technology landscape and identifying suitable new technology domains
for existing technologies.

This study makes two major contributions to the existing literature. First, from a theoret-
ical perspective, it extends previous research on TOA by introducing a fully operationalised
framework that can support decision-making in identifying potential opportunities for tech-
nological domain shifts using quantitative data and scientific methods. This enables a sys-
tematic identification of opportunities arising from shifting existing technologies towards
areas with high technological potential. Moreover, to the best of our knowledge, this study
represents the first attempt to utilise a deep generative model for TOA research. The gener-
ative capability of the VAE enables the identification of realistic technology opportunities
in a considerably large search space. Second, from a practical perspective, the proposed
analytical framework presents more viable technology opportunities to enhance the utili-
sation of existing technologies by firms with limited resources and capabilities for TOA-
based R&D. This method contrasts with previous approaches to TOA, which focused on
discovering unexplored technological ideas. Furthermore, it offers an automated software
system that allows even individuals without expertise in or relevant experience with com-
plex machine learning models to identify potential technology opportunities. Therefore, the
proposed framework can serve as a valuable decision-support system for firms to formulate
strategies for maximising the utilisation of their existing technologies.

However, although this study has valuable implications, the proposed framework
remains in the exploratory phase and requires further elaboration in terms of research
scope, methodology, applicability, utility, and practicality. First, our framework is mainly
designed to identify domain-shift opportunities for existing technologies, not to discover
entirely nascent or emerging technologies that may lack direct existing technological pre-
cursors for repurposing. This poses a distinct and complementary challenge for future
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TOA studies. Second, the framework employs main group-level CPC codes to represent
the technological domains of existing patented inventions. In some cases, this level of the
CPC code only roughly describes the domains of existing technologies, which necessi-
tates a more detailed representation. In this regard, employing a lower level of patent clas-
sification codes (e.g. subgroup-level CPC codes) and more patent claims could enhance
the expressive capacity for technology opportunities, albeit at the expense of requiring
more complicated generative models (e.g. GPT) and far more data. Furthermore, the pro-
posed generative-predictive model does not incorporate an explicit mechanism to reflect
the structural and hierarchical aspects of CPC codes in the process of generating patent
classes. This could result in identifying technology opportunities that are not likely to be
viable when the technological functions of existing technologies cannot be applied in real-
world settings. Future research may address this issue by adopting CPC code description
texts as supplementary material to represent technological domains, which convey accu-
rate structural meanings of patent classes. Third, although the proposed framework shows
promising results in identifying technological domains where existing technologies can
have greater impact, it still offers room for improvement, particularly in terms of predictive
performance. This is largely because the patent database is highly imbalanced with respect
to the number of forward citations. Nonetheless, the proposed framework serves as a val-
uable screening tool for potential application domains for existing technologies. Fourth,
promising technology opportunities often emerge when existing technologies are applied
to entirely different domains (Schoenmakers & Duysters, 2010). Therefore, the usefulness
of the proposed analytical framework can be verified more thoroughly by performing vali-
dation analyses across multiple domains composed of diverse technology fields, rather than
within a single domain. However, handling the extensive data involved would require more
complex model architectures and stronger computational capabilities. This complexity can
be mitigated in future research by employing advanced generative and predictive models
coupled with high-performance computing devices. Finally, while the practicality of the
proposed framework was verified through quantitative validations using patents granted
over the past decade, whether technology opportunities identified from present-day patent
data can be considered viable by human decision-makers remains to be confirmed. Future
research could focus on a qualitative validation for practitioners to determine whether the
identified technology opportunities have tangible significance and appear promising for
future applications.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s11192-025-05491-z.
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