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Abstract

Purpose Some prospective life cycle assessment (LCA) studies obtain information from patents, albeit without exploiting
their full potential. The objective of this study is to show which data and information can be retrieved from patents to inform
practitioners when conducting a prospective LCA of an emerging technology.

Methods This study suggests which patent analysis techniques can be used to support which prospective LCA challenges,
by reviewing patent analysis techniques and classifying the information that can be extracted from them according to those
required to meet prospective LCA challenges. To illustrate the usefulness of the suggested techniques, a case study on solid
oxide fuel cells is presented.

Results and discussion The analyses of patent geographical jurisdiction, publication trend, maintenance costs, citations,
and infringement can be used to define geographical and temporal scope and to select technology alternatives. Function(s),
quantitative data, and information about scale-up and technological trends can be extracted from patents and used to predict
function(s) of the new technology, fill the prospective life cycle inventory (pLCI), and choose existing LCI datasets. However,
limitations of patents that could prevent their use in prospective LCA are as follows: (i) some information can be intention-
ally distorted to hinder competitors; (ii) patent bibliometric indicators to evaluate the future success of patented technology
on the market can be overstated by patents of well-known owners that receive more citations and infringements albeit with
no greater chance of future development; (iii) patenting to block competitors rather than to develop a new technology; (iv)
the lack of significance of certain data due to the too low technology readiness level (TRL) of the prototype from which they
were obtained; (v) a less than rigorous data examination process; and (vi) patents are not very helpful to quantify emissions.
Conclusions We show how patents can be used to support prospective LCA when the assessment cannot count on the support
of technology experts. We highlight how it is necessary to pay more attention, compared to the current practice in prospective
LCA, to the peculiarities of patent prose and the legal and strategic use of patents by companies.
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1 Introduction

Conducting a prospective LCA (LCA) involves assessing
the potential environmental impacts of a product or process
at a future point in time relative to when the study is con-
ducted, often before the product or process is fully devel-
oped or implemented (Arvidsson et al. 2024; Pallas et al.
2020). Compared to standard LCA, the information possible
to attain about the product system is lower in prospective
LCA, and the number of approximations and estimates in
data collection is higher, especially when modelling tech-
nologies with a low level of maturity (Hetherington et al.
2014). To assess the environmental impacts of technologies
in the future, prospective LCA makes use of information
extracted from different sources such as scientific publi-
cations, unpublished laboratory results, simulations, and
expert interviews (Arvidsson et al. 2018). Patents have also
been considered due to their ability to reveal information
about immature technologies that could be both technically
and economically viable for large-scale production (Jaffe
and Trajtenberg 2002). For this reason, patents are par-
ticularly useful for supporting the evaluation of the future
impacts of new technologies that are still in the R&D phase
by anticipating mature technology conditions (Arvidsson
et al. 2018; Thonemann et al. 2020).

Despite being used in some prospective LCA studies,
the potential of patents has not been fully exploited in
prospective LCA compared to other types of fields deal-
ing with technological forecasting, e.g. innovation man-
agement (Daim et al. 2020), macroeconomy (Parteka and
Kordalska 2023) and market research. For example, the
studies by Garcia-Cruz et al. (2022), Berger et al. (2022),
and Castillo et al. (2023) considered no more than 10 pat-
ents without reporting search criteria. Morales-Gonzalez
et al. (2019) and Raugei and Winfield (2019) conducted
a systematic and manual analysis of the text from a few
patents to extract data for the foreground inventory. Karp
et al. (2022) and Haase et al. (2022) explicitly reported
the search query and considered more than 100 patents,
from which they extrapolated trends to support technologi-
cal forecasting. Spreafico et al. (2023) suggested selecting
granted and updated patents of technologies that perform
the same function as the analysed product and extracting
from them quantitative information supported by experi-
mental tests to support prospective LCA of immature tech-
nologies. These studies indicate an emerging interest in
technological forecasting, which can be further pursued,
structured, and refined also to support prospective LCA.

In addition, studies about patent data quality reveal the
following elements that were not considered in patent-
based prospective LCA studies. Patent texts are often
deliberately written with strategic ambiguity, serving the
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dual purpose of securing legal protection while conceal-
ing key information from competitors (de la Fuente et al.
2020). Consequently, it can be beneficial to involve the
expertise of a legal professional in the interpretation of
patent texts (Ashtor 2022). Misspellings in patent texts,
whether intentionally introduced by specific patent attor-
neys to obscure content from competitors or arising from
mistranslations, can impact the precision and recall of pat-
ent searches. Consequently, it is crucial to conduct pat-
ent searches with awareness of this potential influence on
accuracy (Russo et al. 2023). The relevance of a patent can
change depending on the application field and geographi-
cal area (Boeing and Mueller 2019). The patent analysis
techniques, even the advanced ones based on deep learn-
ing, suffer from some limitations in information retrieval
and text mining, such as the cold start problem during the
learning phase of the neural network (Krestel et al. 2021).

The existing literature currently lacks a specific analysis
regarding which patent analysis techniques are suitable for
supporting prospective LCA, considering factors such as
the maturity level of the analysed technology and the vari-
ous operational steps involved in the analysis. Retrieving
information on R&D efforts from patents and conducting
patent bibliometric analysis for predicting market trends
necessitate complementary approaches, tools, time, and
resource commitments. The research gap addressed by
this study is to suggest which patent analysis techniques
can be used to support which prospective LCA challenges.
This study first reviews patent analysis techniques by clas-
sifying the information that can be extracted from them
according to those required to meet prospective LCA chal-
lenges. To illustrate the usefulness of the suggested tech-
niques, a case study on solid oxide fuel cells is presented.
Patents can thus be used to support prospective LCA, in
particular when the practitioner cannot count on the sup-
port from technology experts.

2 Materials and methods

In this study, we classified the patent analysis techniques
from the literature according to the addressed prospective
LCA challenge. The matching between challenges and tech-
niques is based on the information that can be extracted from
the patent analysis techniques according to a literature review.

2.1 Considered prospective LCA challenges

In this section, the prospective LCA challenges considered
in this study are introduced and related to three of the main
steps of the LCA framework: goal and scope definition,
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Table 1 Considered prospective LCA challenges

LCA phase Prospective LCA challenge

Goal and scope definition Define the geographical scope. How to identify the market of immature technology at a mature state?

Define the temporal scope. How to identify the time when the immature technology reaches maturity?

Identify the function of a new technology. How to predict the future functions of immature technology at a mature

state?

Select technology alternatives. Which technologies are relevant to study for the future?

Inventory analysis

Estimate prospective inventory data. How to make up for the lack of primary data on immature technologies?

Technology scale-up. How to perform upscaling of new technologies?

Select LCA datasets. How to select relevant LCA datasets for an immature technology when supporting information

is unavailable?
Interpretation

Uncertainty analysis. How to account for uncertainty due to the future development of the considered technology?

inventory analysis, and interpretation.' For each step, the
selected challenges, reported through a question, are those
which we were able to answer with the selected patent
analysis techniques according to what is explained in the
considered sources from the scientific literature.

The definition of the goal and scope in an LCA study
identifies its purpose and outlines the boundaries and details
of the product system under study. Common goals in pro-
spective LCA involve assessing the environmental impacts
of a currently immature technology at a future mature state.
Accordingly, the geographic and temporal scope of the
assessment should be defined consistently with the market
and the future point in time when the technology will reach
maturity. The definition of the functional unit can be chal-
lenging in prospective LCA, especially for technologies
with a currently low level of maturity (Hetherington et al.
2014). Challenges arise also when attempting to select rel-
evant technology alternatives for comparison with currently
mature technologies (Arvidsson et al. 2024).

In prospective LCA, the availability of LCI data for
technologies at a low technology readiness level (TRL) is
limited. This is due to, among others, the focus of LCA
databases on mature technologies, as well as confidentiality
issues related to new products and industrial processes. The
latter makes it challenging to gather primary data, while the
former renders it difficult to find secondary data (Moni et al.
2020). Lab-scale data can help overcome LCI data short-
age, but such data might still be notably different from that
of industrial processes. To make lab-scale data relevant for
future states, they need to be projected to that of a mature
product by upscaling (Tsoy et al. 2020). Such upscaling
needs to rely on experience for professionals, but such sup-
port is not always available in sufficient measures. Another
challenge pertains to the selection of relevant (secondary)

! Life cycle impact assessment (LCIA) has more to do with the natu-
ral system, which patent analysis cannot inform much about.

datasets from LCA databases, which can sometimes be used
as proxies for the future (Arvidsson et al. 2018).

The interpretation should include a sensitivity analysis
to account for parameter uncertainty, which in prospective
LCA also depends on the future development of the technol-
ogy under study (Thonemann et al. 2020).

Table 1 reports the considered prospective LCA
challenges.

2.2 Patent analysis technique review

Many patent analysis techniques have been proposed in
the literature, which implement different methods and
tools to fulfil various purposes (Abbas et al. 2014; Zhang
et al. 2021; Chen et al. 2020). A literature review has
been conducted to compile an exhaustive list of com-
monly used patent analysis techniques to determine
whether they can address specific challenges in prospec-
tive LCA. To address the heterogeneity of the jargon with
which patent techniques are defined (Abbas et al. 2014),
the review was carried out using the following generic
keywords: “patent analysis”, “patent search”, “patent
retrieval”, “patent analytics”, and “patent mining”. The
search query was launched in the Google Scholar and
Scopus databases to collect as many sources as possi-
ble since they are disseminated in different fields, e.g.
legal, technological forecasting, marketing, research, and
development. To increase the reliability of the analysis,
only reviews and articles published in international peer-
reviewed journals were considered. Further reviews and
articles have been iteratively retrieved from the collected
sources, following the snowballing approach (Jalali and
Wohlin 2012).

Table 2 lists the patent analysis techniques identified in
the literature review.

We tested the parts of the proposed approach on a case
study (see Section 3.4) to demonstrate their potential.

@ Springer
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3 Results

The opportunities to address each of the considered prospec-
tive LCA challenges applying the identified patent analysis
techniques are summarised in Fig. 1 and explained in the
remainder of this section.

3.1 Goal and scope definition in prospective LCA
3.1.1 Define the geographical scope

To define the geographical scope, i.e. the market in which
the immature technology will be commercialised and used
when it reaches maturity, patent geographical coverage
analysis can be used. This is based on the rationale that the
selected filing countries are correlated to the most attractive
markets for the patented technology (Yuan and Li 2021)

Prospective LCA
challenges

Define the geographical

since a patent provides a monopoly and allows the full eco-
nomic potential of the patent to be exploited (Cuellar et al.
2022). When more countries are claimed by a patent, it
is possible to discern those having the highest interest to
the patent owner through maintenance costs analysis (Kar-
kinsky and Riedel 2012). The analysis of the geographical
distribution of patent citers can also be useful to understand
in which countries the patented technology is of greatest
interest.

3.1.2 Define the temporal scope

To identify the moment in time when the analysed imma-
ture technology will reach maturity, the analysis of the tem-
poral distribution of patent publication has already been
employed, although outside the field of prospective LCA
(Phan and Daim 2013; Adamuthe and Thampi 2019; Mao

Information "
. Patent analysis
extracted from N —
patents techmques

‘ scope

Define the temporal

Patent geographical

Future markets of the IT .
coverage analysis

scope

i
Goal and scope |
definition
Identify the function of

| anew technology

Select the compared
. technology alternatives

Estimate prospective
inventory data

Technology scale-up

Select a LCA dataset

Interpretation [&= Uncertainty analysis

Inventory )
analysis

Forecsts aboutthe time

Patent cost analysis |
of maturity of the IT

Citations analysis I

Exptected functions of
the IT

Temporaldistribution

of patents publication

List of technologies
alternativeto IT Function extraction |

Infringementanalysis I

Testresults on the IT

Data extraction from
patent claims

Forecasts aboutfuture
performances of the IT

Patent datarange

analysis

\ N/

by collecting parameter
variations accounting
for temporal
development

Information retrieval
aboutIndustrial

applicability

Fig. 1 Identified matches between prospective LCA challenges, information extracted from patents, and patent analysis techniques (where

IT =immature technology)
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et al. 2017; Ernst 1997). These approaches identified the S
curve about performance and the patent publication curve
for a number of technologies when they reached the satu-
ration phase. They demonstrated that similar technologies
have similar curves, and they interpolated them for a certain
technological class (see Fig. 2 left). They hypothesised that
a new technology that is in an emerging or growth phase
therefore has curves similar to those of a different class of
similar technologies. Therefore, based on this hypothesis, it
is possible to reconstruct the missing traits of the curves of
a new technology (see Fig. 2 right) through the comparison
with the curves of a similar technology class (Fig. 2 left).

To apply these approaches to identify the time of the
study, the prospective LCA practitioner chooses a reference
correlation between the S curve and the patent publication
curve for the technology under study. The practitioner then
analyses the patent publication curve of the technology at
present and estimates the future time when reaching maturity
(i.e. a certain performance) through the correlation with the
S curve, travelling along the predicted trait of the S curve
till the mature state (see Fig. 2 right).

While the patent publication-based approach may not pre-
cisely predict the future shape of technological evolution, it
offers a structured way to monitor and interpret trends. The
strength of this method lies in its ability to highlight shifts
in innovation activity, helping to inform strategic decisions
in an otherwise uncertain landscape (Phan and Daim 2013;
Adamuthe and Thampi 2019).

3.1.3 Identify the function of a new technology

To predict the future functioning of an immature technol-
ogy, the prospective LCA practitioner can apply the tech-
niques of function extraction (e.g. Liu et al. 2020; Fantoni
et al. 2013) that automatically extracts the functions per-
formed by similar technologies claimed in a selected patent
pool. These techniques analyse a patent text and identify

Saturation

S curve

Patents
publication

Patents publication

Performance

Emerging

Time

the technology as well as the functions performed through
a syntactic analysis where the technology is the so-called
subject, and the functions are the verbal predicates associ-
ated with the “subject”. In addition, the same techniques
can classify the many extracted functional verbs into more
generic pre-defined functions, e.g. “Transport” and “Trans-
mit” as “Transfer” (Kitamura et al. 2004). This can help the
prospective LCA practitioner to save time when analysing
many patents related to the considered technology to check
for any new functions to be considered in the goal and scope
definition.

In order to automate the extraction of the function, over-
coming the ambiguity with which it is referred to in the
patents and patent analysis techniques (e.g. the objective in
Liu et al. (2020) and the working principle in Fantoni et al.
(2013), a taxonomy can be integrated with patent analysis
(Spreafico and Russo 2023).

3.1.4 Select the compared technology alternatives

To identify the most promising technology for modelling the
system in the future time among different alternatives, the
prospective LCA practitioner can analyse and compare some
parameters of the patents related to each compared alterna-
tive. As a result, the most promising technology should have
the following:

e The greatest increases in patenting and patent investment
during the past period reflected an increased interest from
developer industries (Kogan et al. 2017; Choi et al. 2020;
Spreafico et al. 2021; Russo et al. 2023). Temporal dis-
tribution of patent publication and patent cost analyses
can be used for this purpose.

e The highest number of citations received by other pat-
ents is an indication of the interest from other industries
(Kim et al. 2016). For this purpose, the automatic citation
analysis available in the common patent databases can be

; Saturation
E S i - « Expected
0= N S curve
o o S
g3 W T
£ u 7
5 € 7.
€8 7
- 2.
4 Scurve .
Emerging Patents
s ¢ publication :
5 »>
: Time
v
Present Time when
time reaching maturity

Fig.2 (left) Comparison between publication trend and S curve (adapted from Ernst 1997) and (right) its use to predict when the immature tech-

nology will reach maturity (time of the study)
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used. In addition, deep learning approaches have been
used to predict the number of future citations (Chen et al.
2020) that a patent may receive. This broadens the scope
of these analyses, offering prospective insights across a
more extended time horizon.

e The highest number of infringements received by other
industries. This is because an industry seeking to develop
a technology is more inclined to contest the patents of
competitors aiming to develop the same technology
(Pénin 2012). For this purpose, the infringement report
can be analysed (Liu et al. 2018).

Since patents of famous owners are more widespread
and well-known, they typically receive more infringement
without necessarily having more chances of being devel-
oped (Breitzman and Mogee 2002; Brauneis and Heald
2011). Therefore, to overcome this problem, the infringe-
ment analysis can be associated with commercial analyses
on the notoriety of the patent owners.

3.2 Inventory analysis
3.2.1 Estimate prospective inventory data

Primary data about immature technologies can be extracted
from patents that typically report laboratory-scale results
to verify the claims about the patented technology. To col-
lect these data from a patent, it is suggested that they are
extracted from the claims rather than from other parts of
the patent to increase their accuracy since the claims are
compulsorily subject to the examiner’s judgement (Chen
et al. 2017). In the claims, only information that allows
the patented technology to be qualified as truly innova-
tive and original is reported, and they have legal value in

Fig.3 Comparison of the tem- A

patent litigation. In the other parts of the patent, additional
information is also provided about the state of the art or
assumptions and possible future developments, which are
often not justified by experimental tests, contrary to the
data in the claims.

To evaluate the data reliability, the prospective LCA prac-
titioner can also analyse the patent description looking for
supporting information (Spreafico et al. 2023). To grant the
patent, the examiner requires the data present in the claims
to be supported by experimental test results accurately
described in the patent description. The adherence of the
experimental tests to certain protocols declared in the patent
and any references to scientific publications that justify the
laboratory scale results can be evaluated.

3.2.2 Technology scale-up

The lab-scale data collected can be scaled up either by fore-
casting the technological evolution at maturity or by collect-
ing experts’ opinions.

The analysis of the temporal distribution of patent publi-
cations can be used to support the modelling of a scaled-up
version of the technology by forecasting its technological
evolution. Using the same approaches described in Sec-
tion 3.1.2, the performance of a given parameter at tech-
nological maturity can be predicted following the expected
S curve, and looking at the y-axis instead of the x-axis as
before (Fig. 3).

Since the upscaling and maturity forecasting approaches
are effectively equivalent, the limitations as described in
Section 3.1.2 apply.

Experts’ opinions about data upscaling can be col-
lected from patents by using the following patent analysis
techniques.

poral distribution of the patent _g Performance Saturation
publication and the S cur've'to o when reaching maturity '* 3 Expected
support scale-up by predicting T I T s .,(\.){\". S - S curve
the performance .of a param- - -g @’b /&
eter at technological maturity g = 7
(adapted from Mao et al. 2017) = ‘2 7.
T3 Performance 7.
v © . /. X
o, A at presenttime
.......................... S curve
: Patents
. ; publication
g R A
: Time
v
Present Time when
time reaching maturity
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e To retrieve the quantitative information that can help to
scale up lab-scale data, data range analysis can be used.
For the same parameter, the data range extracted from
the patent claim can be compared with the data range
extracted from the description, which results from exper-
imental tests. Data range analysis helps to distinguish
the portion of the data range associated with laboratory
test results from the other portion used to broaden the
legal protection of the claim. For example, the patent
CN114178538 (Xu et al. 2021) about a rotary plasma
atomiser for the production of titanium powder reports
in its claims a rotation of the electrode between 30,000
and 35,000 rpm. In the description, on the contrary, it
only reports experimental tests referring to a rotation
of 35,000 rpm. One can therefore assume the intention
of the patent owner to achieve a lower rotation speed at
technological maturity (i.e. 30,000 rpm).

e The industrial relevance of the patented technology
can be analysed by collecting information about up-
scaling (Sun et al. 2022). This information, provided
in the description of the patent, references experimen-
tal results from other patents or scientific publications
about similar technologies that have been scaled up to
the industrial level (Chen et al. 2017). For instance, pat-
ent EP3666754 (Ma et al. 2018) describes the scale-up
of the reaction time of the claimed chemical process by
referring to a similar technology described in another
patent, i.e. US8088942 (Corpart et al. 2006): “... due to
the inevitable amplification effect, the industrial scale
reaction time is 2—180 times of the laboratory scale”.

Data ranges do not always represent results to be used in
the prospective LCA because they do not exclusively report
data acquired from experiments but are also used by the patent
owner to claim a certain development perspective to secure
margins against competitors (Butriy 2016). In the case of an
asymmetric range from the claimed value, the closest limit to
this value is usually obtained from an experimental result. The
farthest limit to the claimed value can be assumed to represent
a prospective result of the technology at maturity. This can be
seen in, for example, the patent CN114178538.

Integration with other knowledge sources to collect
manufacturing data is essential if patent attorneys resort to
industrial secrecy regarding some information about indus-
trial applicability, especially in patents about industrial pro-
cesses, making this information known only to the examin-
ers through an additional document and not indicated in the
text of the patent (Crass et al. 2019).

3.2.3 Select an LCA dataset

The prospective LCA practitioner can use some information
about a patent to select an LCA dataset about a manufacturing

@ Springer

process from an LCA database. They are those about the
industrial applicability of the claimed technology that, to pass
the examination, can be justified by providing the details of
manufacturing technology (Pozo 2017). For instance, pat-
ent CN102517578 (Yang 2011) about a dual-alloy cladding
layer wear plate describes the manufacturing technology as
follows: “Mounting the glasses plate on a workbench with a
rotating mechanism and performing laser cladding on an inner
hole of the glasses plate by adopting iron-based alloy. [...]
The laser cladding equipment adopts a Trumpf 6000-W CO2
laser (with a wavelength of 10.6um)”. This information can be
used to select the LCA dataset “laser machining, metal, with
CO2-laser, 6000W power — RER Europe” from the Ecoinvent
database version 3.9. This is because, in addition to the type
of laser and power, this dataset explicitly refers to a machine
produced by that manufacturer.

3.3 Interpretation
3.3.1 Uncertainty analysis

To evaluate the uncertainty about the future development of
the considered technology, patent data range analysis can be
applied, albeit with the same limitations as in the application
of upscaling (cf. Section 3.2.2.).

Table 3 reports the opportunities and limitations of using
each patent analysis technique in addressing each of the
identified prospective LCA challenges.

3.4 Case study

In order to exemplify how patents can be used to support
prospective LCA, a case study about solid oxide fuel cells
(SOFCs) is presented. A SOFC is an electrochemical device
converting methane or syngas or biogas or hydrogen into
electrical energy (direct operation) through an electrochemi-
cal reaction. The SOFC can also be operated in reverse to
produce hydrogen from water by consuming electricity
(reverse operation). An anode, a cathode, and a ceramic elec-
trolyte in between make up the SOFC core structure. These
three components are arranged in a tubular or planar shape.
During use, the hydrogen is delivered to the external side
of the anode, while an oxidant (typically air) is delivered to
the external side of the cathode. The electrolyte conducts
oxygen ions from the cathode to the anode, where it reacts
with the hydrogen. The electrochemical reaction generates
electricity with high efficiency. In the considered SOFC, the
anode consists of nickel oxide and yttrium-stabilised zirco-
nia (YSZ). The electrolyte consists of YSZ. The cathode
consists of strontium-doped lanthanum manganite (LSM)
and YSZ. Figure 4 schematically represents the typical struc-
ture of the SOFC with a planar and tubular layout with the
main components.
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3.4.1 ldentifying the function

It is important to correlate a document used in the LCA,
relating to a technology, to the function performed, to guar-
antee the consistency of the analysis with the functional unit.
To understand whether it is more common to declare the
function performed in a patent or a scientific paper, a query
search was carried out in Orbit DB for patents and in Scopus
for articles. Here, we could isolate two document pools. The
following query is used to retrieve the patents: “(((SOLID
OR OXIDE +) 2D FUEL + 1D CELL +) OR SOFC)/TI/AB/
DESC/CLMS”. This query was launched in all fields of the
patent, filtering those granted, to have greater guarantees
on the reliability of the content. In total, the set contains
19,495 patents. We further obtained the pool of scientific
papers with the query: “ALL(((SOLID OR OXIDE*) W/2
FUEL* W/1 CELL*) OR SOFC)”. This query is equivalent
in structure to that used for patents and has been launched
in all fields of scientific papers. In this case, we preserved
only the “peer-reviewed articles”, i.e. the papers published
in international scientific journals. In total, the set contains
92,144 articles.

Then, within each pool, we searched for how many docu-
ments claim to perform some functions of the arbitrarily
chosen SOFCs: process methane, process syngas, process
biogas (referred to the direct operation), and produce hydro-
gen (referred to the reverse operation). This was done by
launching queries related to each function within the respec-
tive pool: the initial query, relating to the SOFC search, was
combined with “AND” logical operator with a query relating
to the function search.

Table 4 reports the percentages of patents and articles,
within their respective pool, referring to the listed functions
and the queries used to retrieve them. As can be seen, for
most functions searched (except process biogas), a greater
number of patents than articles have been retrieved. This
indicates a greater propensity to declare the functions per-
formed in patents rather than in articles, which helps the

Fig.4 Structures of the consid-
ered SOFCs (Spreafico 2024)

4rflow
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Planar layout

LCA practitioner to define the functional unit of the emerg-
ing technology using patents.

3.4.2 Selecting the technology alternatives

To select a technological alternative to SOFCs, we analysed
the temporal distribution of patent publications, comparing
the SOFC patents (obtained with the query presented in Sec-
tion 5.1) with those of the proton exchange membrane fuel
cell (PEMFC). This is because PEMFCs are today consid-
ered the main alternative to SOFCs (Yan et al. 2020). At
the same time, the publication trends of scientific articles
about SOFC and PEMFC were also compared. The analysed
documents were obtained through queries launched in the
title and abstract, to narrow the field to documents dedicated
to SOFC and PEMFC. The query to get the SOFC articles
is “((SOLID OR OXIDE¥*) W/2 FUEL* W/1 CELL*) OR
SOFC”, the query to obtain PEMFC patents is “(PRO-
TON +2D FUEL + 1D CELL +) OR PEMFC”, and the
query to get PEFC articles is “(PROTON* W/2 (FUEL*
W/1 CELL*)) OR PEMFC”.

Figure 5 compares the temporal trends of publication of
articles and patents by SOFC and PEMFC from 2004 to
2024. As can be seen, the number of articles is growing,
albeit at different rates in recent years. For patents, however,
a steep growth in PEMFC can be seen currently, after an
initial stagnation, which is balanced by a decrease in SOFC
patents in recent years. It follows that only by comparing
the trends of the patent publication, a technological transi-
tion from SOFCs to PEMFCs can be suspected, making it
reasonable to consider the latter as technology alternative
in prospective LCA. This type of information can be used
to derive average or marginal technology mixes for use in
attributional and consequential models, respectively.

In addition, the use of the S-curve is a further proof of
the potential of PEMFC to be recognised as an alternative
to SOFC. This can be done by qualitatively overlaying the
S-curves on the patent publication trend graphs of SOFC and

Tubular layout

Anod
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Table 4 SOFCs patent and article classification according to different functions

Query (referred to as Scopus syntax)

Patents Articles Query (referred to as Orbit syntax)

Function

((PROCESS + OR TRANSFORM + OR FUEL+) ID (METHAN+OR  ALL((PROCESS* OR TRANSFORM* OR FUEL*) W/1 (METHAN*

11%

13%

Process methane

OR CH4))
ALL((PROCESS* OR TRANSFORM* OR DISPOS* OR FUEL*) W/1

CH4))/TI/AB/DESC/CLMS
(((PROCESS + OR TRANSFORM + OR DISPOS +OR FUEL +)

1.77%

4.17%

Process syngas

(SYNGAS* OR (SYNTH* W/1 GAS*) OR PYGAS* OR (PYROL* W/

GAS#))

1D (SYNGAS +OR (SYNTH + 1D GAS +) OR PYGAS + OR

(PYROL + 1D GAS +)))/TI/AB/DESC/CLMS OR (C01B-2203 +)/

CPC/IPC)
(((PROCESS + OR TRANSFORM + OR DISPOS +OR FUEL +) 1D

ALL((PROCESS* OR TRANSFORM* OR DISPOS* OR FUEL*) W/1

1.90%

0.70%

Process biogas

(BIOGAS* OR BIOMETHAN* OR (RENEWABLE W/1 NATURAL

W/1 GAS*) OR RNG))

(BIOGAS +OR BIOMETHAN +OR (RENEWABLE 1D NATURAL
1D GAS +) OR RNG))/TI/AB/DESC/CLMS OR (B01D-2258 +)/

CPC/IPC)
(HYDROLYSIS OR ((PRODUC + OR GENERAT + OR OBTAIN+) ID ALL(HYDROLYSIS OR (PRODUC* OR GENERAT* OR OBTAIN*)

21%

33%

Produce hydrogen (in

W/1 (HYDROGEN OR H2)))

(HYDROGEN OR H2)))/TI/AB/DESC/CLMS

SOFC reverse opera-

tion)

Total

35%

51%

PEMF, see Fig. 6. In this way, it is clearly visible that today,
the SOFC is in the saturation section of the S-curve, while
the PEMFC is in the growth section.

If the PEMFC is not known as a SOFC alternative tech-
nology to produce hydrogen, it can be retrieved from pat-
ent analysis. To do this, the query “((FUEL 1D CELL +)
S (HYDROLYSIS OR ((PRODUC +OR GENERAT + OR
OBTAIN +) 1D (HYDROGEN OR H2))))/TI/AB/DESC/
CLMS” has been launched in Orbit. The patents obtained
were classified according to their patent classes (CPC, Coop-
erative Patent Classification), using an automatic Orbit func-
tion (see Fig. 7 top). Then, using the CPC index in Espacenet
(see Fig. 7 bottom), the classes with the highest frequency of
patents were searched for. As you can see, the “HO1M 8/10”
(reported as “HO1M-008/10" in Orbit) refers to PEMFCs,
i.e., fuel cells having “Polymeric electrolyte membranes”.

3.4.3 Estimate prospective inventory data and technology
scale-up

In order to discuss the usefulness of patents in prospective
LCI, data about SOFCs extracted from patents have been
compared with those extracted from articles. The compari-
son was carried out on data relating to the following parame-
ters: electrolyte thickness, anode functional thickness, anode
support thickness, cathode thickness, specific power of the
cell during the driving condition, or by excluding the peak
power. These parameters were chosen as they are directly
related to the quantity of material present in the SOFC and
its performance. The data was extracted only from the pat-
ents obtained from the query “(((SOLID OR OXIDE +) 2D
FUEL + 1D CELL +) OR SOFC)/TI/AB/DESC/CLMS”,
limiting the selection from 2014 to today, through Orbit
Intelligence which reports them (see Table 5). No patents
filed after 2022 were collected due to the embargo period to
which patents are subjected before evaluation.

Table 6 reports the data relating to the same parameters
extracted from the articles.

In order to compare the data extracted from patents and
articles, their arithmetic mean, standard deviation, max
and min value, and standard error of the mean have been
reported in Table 7. As can be seen, the total thickness of the
cell (obtained from the sum of electrolyte thickness, anode
functional thickness, anode support thickness, and cathode
thickness) is lower than that extracted from articles, while
the specific power is higher in patents than in articles. This
result places patents as better candidates than articles to pro-
vide a prospective image of the evolution of SOFCs, since
their technological development points towards reducing
thickness and increasing specific power (Pirou et al. 2022).
In addition, the comparison of the max and min values
shows that the patents provide a broader picture of the val-
ues associated with the parameters, while anode functional

@ Springer
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Fig.5 Comparison of patent (left) and article (right) publication trend of SOFCs and PEMFCs

Fig.6 Qualitative compari-
son patent publication trend
of SOFCs and PEMFCs and
S-curves
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thickness, anode support thickness, and specific power have
a lower standard error of the mean, which is a measure of
the uncertainty of your mean lower in patents than in arti-
cles. This shows that patents, having more data, allows get-
ting more robust estimates and lower uncertainty on these
estimates.

Figure 8 reports the temporal distribution of the data
extracted from the considered patents. The resulting trends
are aligned with the technological evolution of the SOFCs.
Therefore, these trends could boost the LCA practitioner in
assuming; for the inventory of these parameters, estimates
are more optimistic than the average values reported in
Table 7, in view of technology upscaling. Furthermore,
since patents can provide a larger number of measurements

@ Springer

v

2012
2014
2016
2018
2020
2022

s PEMFC

(samples), empirical estimates of uncertainty for param-
eters, including information on the type of distributions
and mean and standard deviation values, are more robust.

3.4.4 Select an LCA dataset

To extract information to select LCA datasets, the analysis of
the collected patents reveals some supporting information.
For instance, patent CN113328113 provides specific detail
about the machine, i.e. a selective laser melting, used to
realise the protective coating of the claimed SOFC: “... the
additive manufacturing approach is a selective laser melt-
ing technique, the manufacturing process conditions
include: the laser power is 100-300W, the scanning speed is
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HO1M 008724

HO1M-

CPC classification of the collected patents (automatically generated by Orbit)

HO1M-008/10%

- C24B-001

R HO1M-008/12

B01D-053

W Ho1M-008
HO1M-008/04

HO1M-008/02

o coens ] IBIS0

C01B-003

CPC classification index (from Espacenet)

Classification  Title an§i description
symbol

OH ELECTRICITY s © -
[[] HO1 ELECTRIC ELEMENTS [ ]
[[] HO1M PROCHBS SES OR MEANS, e.g. BATTERIES, FOR THE DIRECT CONVERSION OF CHEMICAL ENERGY INTO sD O A
ELECTRICAL ENERGY
4 [7] Ho1M™ 8/00 Fuel calgs; Manufacture thereof DO
|1 Homm &1 Ly Fuel cells with soiid electroiytes |
[] Ho1m 811016 LLcnavactensed by the electrolyte material (...)
[[] Ho1m 811018 Polymeric electrolyte materials
[C] Ho1m 8/102 I characterised by the chemical structure of the main chain of the ion-conducting polymer )
(] Ho1m 8/1023 e having only carbon, e g polyarylenes, polystyrenes or polybutadiene-styrenes
[C] Ho1M 8/1025 e having only carbon and oxygen, e.g. polyethers, sulfonated polyetheretherketones [S-PEEK), sulfonated
polysaccharides, sulfonated celluloses or sulfonated polyesters
[] Ho1m 81027 e having carbon, oxygen and other atoms, e g sulfonated polyethersulfones [S-PES)
[[] HO1m 8/103 - having nitrogen, e.g. sulfonated polybenzimidazoles [S-PBI], polybenzimidazoles with phosphoric acid, sulfonated
polyamides [S-PA] or sulfonated polyphosphazenes [S-PPh]
[C] Ho1m 811032 e having sulfur, e g. sulfonated-polyethersulfones [S-PES)
[] HO1M 8/1034 e having phosphorus, e.¢. sulfonated polyphosphazenes [S-PPh]
(7] Ho1m 8/1037 Le having silicon, e.g. sulfonated crosslinked polydimethylisiloxanes
(] HO1M 8/1039 e halogenated, e g. sulfonated polyvinylidene fluorides
[C] HO1M 8/1041 e Polymer electrolyte composites, mixtures or blends
[C] HO1M 8/1044 e Mixtures of polymers, of which at least one is ionically conductive
[C] HO1m 8/1046 Mixtures of at least one polymer and at least one additive
[:] HO1M 8/1048 1- lon-conducting additives, e.g. ion-conducting particles, heteropolyacids, metal phosphate or polybenzimidazole
with phosphoric acid v

Fig. 7 Automatic classification of patents about fuel cells for hydrogen production into CPC classes provided by Orbit (top) and CPC index from
Espacenet (bottom), used to automatically identify PEMFC (i.e. fuel cell with polymeric electrolyte membrane) as candidate technology

300-1200 mm/s, the spot size is 30—100 pm, and the laser
wavelength is 500-1070 nm”. These information are useful
to select the dataset “Laser machining, metal, with YAG-
laser, 120W power—RER Europe” from the Ecoinvent data-
base version 3.9. This is because the laser modelled in this
dataset operates within the ranges of wavelength, power, and
scanning speed declared in the patent, as can be learned from
the description provided by Ecoinvent.

Then, the data extracted from the patents about the
SOFC can be used in prospective LCA to calculate the
environmental impacts. The related life cycle impacts

assessment, the obtained results and their discussion are
all reported in Spreafico (2024).

4 Discussion

4.1 Searching a patent

A patent is often written to avoid giving information to com-

petitors. Therefore, patent attorneys use as broad a vocabu-
lary as possible within the limitations of what is allowed by a

@ Springer
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Table 5 Data extracted from SOFC patents

Patent Year Electrolyte thick-  Anode functional Anode support Cathode thick- Specific

ness [mm)] thickness [mm)] thickness [mm)] ness [mm)] power [W/
cm2]

CN104022303 max 2014 0.028 0.800 0.320

CN104022303 min 2014 0.021 0.500 0.300

CN104466199 2014 0.100

CN103887550 min 2014 0.600 0.010

CN103887550 max 2014 0.900 0.030

W02017/092086 min 2015 0.002

WO02017/092086 max 2015 0.010

CN106450352 2016 0.335

CN106207221 min 2016 0.010 0.020

CN106207221 max 2016 0.035 0.040

US20180115008 min 2016 0.015

US20180115008 max 2016 0.025

JP2017123231 min 2016 0.002 0.010 0.150 0.007

JP2017123231 max 2016 0.020 0.030 0.500 0.060

EP3516718 2016 0.005 0.020 0.315

JP2019079747 min 2017 0.005 0.010 0.500

JP2019079747 max 2017 0.010 0.010 0.500

EP3430666 min 2017 0.020 0.315 0.440

EP3430666 max 2017 0.020 0.315 0.540

W02019/205855 max 2018 0.020 0.010 0.005

W02019/205855 min 2018 0.001 0.010 0.020

CN109378488 max 2018 0.050

CN109378488 min 2018 0.001

KR10-2019-0024749 min 2018 0.035 0.300

KR10-2019-0024749 max 2018 0.040 0.300

US20190097243 2018 0.300

US20190123362 max 2018 0.010 0.055 0.5 0.380

US20190123362 min 2018 0.010 0.055 0.100 0.380

JP2020071987 max 2018 0.010 0.500 0.010

JP2020071987 min 2018 0.003 0.500 0.003

CN109818021 max 2018 0.530

CN109818021 min 2018 0.259

CN109888303 2019 0.010 0.010 0.300

WO02019/167811 2019 0.500

JP2019212642 max 2019 0.005 0.3

JP2019212642 min 2019 0.001 0.3

W02020/191829 min 2019 0.002 0.005 0.400 0.020 0.360

W02020/191829 max 2019 0.010 0.010 0.500 0.025 0.520

W02020/208861 2019 0.001 0.005 0.200

W02021/005810 2019 0.001 0.200 0.020

CN112072137 max 2020 0.005 0.400 0.050 0.371

CN112072137 max 2020 0.010 0.400 0.050 0.528

KR10-2021-0135154 2020 0.010

TWI783307 max 2020 0.001 0.002 0.004

TWI783307 min 2020 0.003 0.003 0.001

KR10-2022-0006372 2020 0.001 0.001 0.001

IN202121045468 max 2021 0.020 0.610

IN202121045468 min 2021 0.005 0.360
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Table 5 (continued)
Patent Year Electrolyte thick-  Anode functional Anode support Cathode thick- Specific
ness [mm] thickness [mm)] thickness [mm)] ness [mm] power [W/
cmz]
CN113285084 max 2021 0.001 0.003 0.500
CN113285084 min 2021 0.001 0.003 0.350
CN113800571 2021 0.001 0.4 0.001 0.338
CN114335640 min 2021 0.005 0.005 0.3 0.001 0.350
CN114335640 max 2021 0.050 0.050 1.5 0.001 0.430
CN115084614 max 2022 0.006 0.004 0.001
CN115084614 min 2022 0.005 0.003 0.001
Table 6 Data extracted from SOFC articles
Article Year Electrolyte thick-  Anode functional Anode support Cathode thick- Specific
ness [mm)] thickness [mm)] thickness [mm)] ness [mm)] power [W/
cm2]
Lee et al. (2015) 2015 0.010 0.500 0.050 0.400
Mehmeti et al. (2016) 2016 0.300
Rillo et al. (2017) 2017 0.010 0.020 0.450 0.030 0.400
Gandiglio et al. (2019) 2019 0.010 0.010 0.700 0.050 0.156
Smith et al. (2019) 2019 0.014 0.001 0.800 0.049
Bicer and Khalid (2020) 2020 0.400
Naeini et al. (2022) 2022 0.400
Lai and Adams (2023) 2023 0.437
Table 7 Comparison of data extracted from patents and articles
Comparison criteria Sources Electrolyte thick- Anode functional Anode support Cathode thick-  Specific
ness [mm)] thickness [mm] thickness [mm] ness [mm)] power [W/
cm?]
Arithmetic mean Patents 0.011 0.016 0.431 0.046 0.396
Articles 0.011 0.010 0.613 0.045 0.356
Standard deviation Patents 0.013 0.016 0.220 0.094 0.097
Articles 0.002 0.010 0.165 0.010 0.098
Max value Patents 0.050 0.055 0.900 0.315 0.610
Articles 0.014 0.020 0.800 0.050 0.437
Min value Patents 0.001 0.001 0.100 0.001 0.259
Articles 0.010 0.001 0.450 0.030 0.156
Max-min value Patents 0.049 0.054 0.800 0.314 0.351
Articles 0.004 0.019 0.350 0.020 0.281
Standard error of the mean Patents 0.002 0.003 0.052 0.018 0.019
Articles 0.001 0.005 0.083 0.005 0.037

patent examiner. The text may therefore be full of synonyms,
generic or little-used terms, and even sometimes misspell-
ings (Russo et al. 2022). In addition, machine translations
can introduce additional lexical and syntactic ambiguities
(Biittner et al. 2022).

All these aspects negatively influence the effectiveness of
keyword patent searching. To make up for this shortcoming,
patent research can be supported by some techniques. Text
mining tools based on artificial intelligence can interpret
an incorrectly formulated word thanks to context analysis
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Fig.8 Temporal trends of the parameters considered in the SOFCs patents

(e.g., Hu et al. 2020). Dictionaries such as WordNet can be
integrated for semantic query expansion (Sarica et al. 2020).
Query reduction techniques reduce and eliminate keywords
using patent class searching (Shalaby and Zadrozny 2019).
This type of research, already used in some prospective LCA
studies (e.g. Karp et al. 2022), is limited because of the high
degree of abstraction with which the classes are defined con-
cerning technological aspects and classification inaccuracies
(Montecchi et al. 2013).

If, on the other hand, the prospective LCA practitioner
wants to search for a patent for an innovative technology
that is not known and cannot be described at the structural
level, the structure-based search cannot be used. In this case,
function-based search can be applied, where keywords are
the functions expected to be performed by the technology
(Liu et al. 2020; Spreafico et al. 2023). In this case, text
mining with syntactic analysis is supportive, understanding
whether the verb expressing the function refers to the subject
(i.e. the technology) performing it (Teng et al. 2024).

4.2 Checking the quality of a patent

Having identified the patent sought, its quality must be
carefully analysed regarding its usefulness in a prospec-
tive LCA context. Considering an unworkable patent
in a prospective LCA study is not only useless but also
misleading as it offers an opposite perspective to what
will likely occur in the future. Indeed, most patents are
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not realised due to the “valley of death”, i.e. the situ-
ation where a new technology fails to succeed (Pizzol
and Andersen 2022). Certain patents are filed without an
interest in developing them because some governments
encourage R&D by counting patents among other key per-
formance indicators to allocate subsidies to companies
(Bao and Lu 2020). There are some strategies to select
relevant patents with development potential, so it can be
a useful support to a prospective LCA.

The prospective LCA practitioner can analyse some
indirect indicators to evaluate the quality of the patent for
the prospective LCA, i.e. its usefulness for predicting the
development of a new product in the future and obtaining
its description. The patent owner is an indication of the
likelihood of patent development. A patent by a start-
up is less likely to end up in the “valley of death” than
one from a larger company (Pizzol and Andersen 2022).
The payment of patent maintenance fees can imply an
interest on the part of the patent owner in developing
that patent (De Rassenfosse and Jaffe 2018). From the
joint analysis of the patent text and the company situa-
tion (e.g. interviews), it is possible to understand what
is the level of development of the claimed technology,
e.g. a patent that has already been tested (Audretsch et al.
2012). The inclusion of favourable judgments provided
by the examiner in the search report is an indication
of patent relevance (Burke and Reitzig 2007). How-
ever, search report analysis for selecting patent sources
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Table 8 Comparison between three selected patent databases

Patent database features

Espacenet (owned by
the European Patent
Office)

Google patents

PatentScope (owned by the
World Patent Organization)

Web link

Retrieve patent bibliographic data: publication date and coun-
try, patent owner name

Retrieve received citations

Retrieve maintenance costs

Access patent text

Access search report

Retrieve the number of infringements

Access infringement report

Generate temporal and geographical distribution of patents

Worldwide.espacenet.

com, Register.epo.
org

patents.google.com

Patentscope.wipo.int

Yes Yes Yes
Yes Yes No

Yes Yes Yes
Partially* Yes Yes
Yes No Yes
Yes Yes Yes
Yes No Yes
Yes (on payment) No No

*Only for patents retrieved from the databases of some countries (e.g. the Italian Patent Office Database)

is subject to some limitations (EPO 2023). The patent
examination process differs from a scientific review, as it
involves a more rigorous evaluation of novelty, original-
ity, and industrial applicability of the claimed technol-
ogy rather than how the experimental tests are conducted
(Lee 2021). No peer review is conducted, although the
examiner has the option to reach out to an expert at their
discretion. In addition, the severity of patent examina-
tion may vary across technological sectors, influenced
by distinct evaluation procedures and varying percent-
ages of infringement and allegations (Cockburn et al.
2003). Consequently, patent owners in specific applica-
tion fields tend to submit patents of lower quality and
exercise the blocking patent strategy (Torrisi et al. 2016).

4.3 Where to retrieve data from patents

Many of the most popular patent databases have long
allowed patents to be collected and semi-automatically
extracted, thereby making available much of the informa-
tion that has been described in this study. However, not all
databases are openly available or allow the processing of
information as required.

To support the prospective LCA practitioner in collecting
and analysing patents, a selection and comparison of patent
databases is reported in Table 8. Those presented are the
most diffused patent databases with open access and index-
ing of all patents worldwide. The comparison considers the
ability of each patent database to access the information
presented in this study.

5 Conclusions

This study identified matches between prospective LCA
challenges and patent analysis techniques through a litera-
ture review and theoretical reasoning, analysing opportuni-
ties and limitations. As a result, patents are considered valu-
able aids to manage prospective LCA challenges for which
they have not yet been considered. In this regard, it has been
explained which information a prospective LCA practitioner
should extract from patents, in what manner and with which
techniques. The information is derived from patent biblio-
graphic data (e.g. publication date and country, patent owner
name), from the patent content, and the comparison of mul-
tiple patents (e.g. publication trend).

The opportunities for using patents to support prospec-
tive LCA are (i) the identification of future markets, (ii) the
prediction of the time when the technology will research
maturity, (iii) the identification of the functions of technolo-
gies not yet on the market, (iv) the monitoring of the interest
of industries in patenting or patented new technologies, (v)
the collection of experimental data and data scale-up, and
(vi) the identification of relevant immature manufacturing
processes and technologies.

Thanks to the results of this study, we believe that practi-
tioners can now autonomously analyse and use patents in a
relevant way in prospective LCA. We also believe that a pat-
ent analysis expert can extract more information from patents.

The case study of SOFCs showed that the data extracted
from patents can differ from those extracted from scientific
articles, showing a different perspective with generally more
relevant insights for prospective LCA.

@ Springer



218

The International Journal of Life Cycle Assessment (2025) 30:201-220

Data availability The authors confirm that the data supporting the
findings of this study are available within the article and/or its sup-
plementary materials.

Declarations

Conflict of interest The authors declare no competing interests.

References

Abbas A, Zhang L, Khan SU (2014) A literature review on the state-
of-the-art in patent analysis. World Pat Inf 37:3-13

Adamuthe AC, Thampi GT (2019) Technology forecasting: a case
study of computational technologies. Technol Forecast Soc
Change 143:181-189

Arvidsson R, Tillman AM, Sandén BA, Janssen M, Nordelof A, Kush-
nir D, Molander S (2018) Environmental assessment of emerging
technologies: recommendations for prospective LCA. J Ind Ecol
22(6):1286-1294

Arvidsson R, Svanstrom M, Sandén BA, Thonemann N, Steubing B, Cucu-
rachi S (2024) Terminology for future-oriented life cycle assessment:
review and recommendations. Int J Life Cycle Assess 29(4):607-613

Ashtor JH (2022) Modeling patent clarity. Res Policy 51(2):104415

Audretsch DB, Bonte W, Mahagaonkar P (2012) Financial signaling
by innovative nascent ventures: the relevance of patents and pro-
totypes. Res Policy 41(8):1407-1421

Bao Z, Lu W (2020) Developing efficient circularity for construction and
demolition waste management in fast emerging economies: lessons
learned from Shenzhen. China Sci Total Environ 724:138264

Berger NJ, Lindorfer J, Fazeni K, Pfeifer C (2022) The techno-economic
feasibility and carbon footprint of recycling and electrolysing CO2
emissions into ethanol and syngas in an isobutene biorefinery. Sus-
tain Prod Consum 32:619-637

Bicer Y, Khalid F (2020) Life cycle environmental impact comparison
of solid oxide fuel cells fueled by natural gas, hydrogen, ammo-
nia and methanol for combined heat and power generation. Int J
Hydrogen Energy 45(5):3670-3685

Boeing P, Mueller E (2019) Measuring China’s patent quality: develop-
ment and validation of ISR indices. China Econ Rev 57:101331

Brauneis R, Heald P (2011) Trademark infringement, trademark dilution,
and the decline in sharing of famous brand names: an introduction
and empirical study. Buff 1 Rev 59:141

Breitzman AF, Mogee ME (2002) The many applications of patent
analysis. J Inf Sci 28(3):187-205

Burke PF, Reitzig M (2007) Measuring patent assessment quality—
analyzing the degree and kind of (in) consistency in patent
offices’ decision making. Res Policy 36(9):1404-1430

Butriy O (2016) Interpretation of a numerical range in a patent claim:
the understanding of a skilled person. Intellect Prop Law Pract
11(5):333-338

Biittner B, Firat M, Raiteri E (2022) Patents and knowledge diffusion:
the impact of machine translation. Res Policy 51(10):104584

Castillo M, de Guzman MJK, Aberilla JM (2023) Environmental
sustainability assessment of banana waste utilization into food
packaging and liquid fertilizer. Sustain Prod Consum 37:356-68

Caviggioli F, De Marco A, Montobbio F, Ughetto E (2020) The licens-
ing and selling of inventions by US universities. Technol Forecast
Soc Change 159:120189

Chen H, Zhang G, Zhu D, Lu J (2017) Topic-based technological fore-
casting based on patent data: a case study of Australian patents
from 2000 to 2014. Technol Forecast Soc Change 119:39-52

@ Springer

Chen L, Xu S, Zhu L, Zhang J, Lei X, Yang G (2020) A deep learning
based method for extracting semantic information from patent
documents. Scientometrics 125:289-312

Choi J, Jeong B, Yoon J, Coh BY, Lee JM (2020) A novel approach
to evaluating the business potential of intellectual properties: a
machine learning-based predictive analysis of patent lifetime.
Comput Ind Eng 145:106544

Cockburn I, Kortum S, Stern S (2003) Are all patent examiners equal?
Examiners, patent characteristics, and litigation outcomes. Pat
Knowl Econ 19:52-53

Corpart, J., Grimaldi, S., Gucci, G., M., Maj, P. (2006) Process
for synthesizing selected organic peroxides (U.S. Patent No.
US8088942). U.S. Patent and Trademark Office

Crass D, Garcia Valero F, Pitton F, Rammer C (2019) Protecting inno-
vation through patents and trade secrets: evidence for firms with
a single innovation. Int J Econ Bus 26(1):117-156

Cuellar S, Méndez-Morales A, Herrera MM (2022) Location matters:
a novel methodology for patent’s national phase process. J] Knowl
Econ 13(3):2138-2163

Daim T, Lai KK, Yalcin H, Alsoubie F, Kumar V (2020) Forecasting
technological positioning through technology knowledge redun-
dancy: patent citation analysis of IoT, cybersecurity, and Block-
chain. Technol Forecast Soc Change 161:120329

De Rassenfosse G, Jaffe AB (2018) Are patent fees effective at weeding
out low-quality patents? J Econ Manag Strategy 27(1):134—-148

EPO (2023). Guidelines for examination in the European Patent Office.
Available on-line at: https://link.epo.org/web/epo_guidelines_for_
examination_2023_hyperlinked_en.pdf. Accessed 19 Nov 2024

Ernst H (1997) The use of patent data for technological forecasting: the
diffusion of CNC-technology in the machine tool industry. Small
Bus Econ 9:361-381

Fantoni G, Apreda R, Dell’Orletta F, Monge M (2013) Automatic
extraction of function—behaviour—state information from patents.
Adv Eng Inform 27(3):317-334

de la Fuente, B., Tornos, A., Princep, A., Lorenzo, J. M., Pateiro, M.,
Berrada, H., ... & Marti-Quijal, F. J. (2020). Scaling-up processes:
patents and commercial applications. Adv Food Nutr Res (Vol.
92, pp. 187-223). Academic Press

Gandiglio M, De Sario F, Lanzini A, Bobba S, Santarelli M, Blengini
GA (2019) Life cycle assessment of a biogas-fed solid oxide fuel
cell (SOFC) integrated in a wastewater treatment plant. Energies
12(9):1611

Garcia-Cruz A, Diaz-Jiménez L, Ilyina A, Carlos-Hernandez S (2022)
Prospective life cycle assessment of a based orange wax fungicide.
Ind Crops Prod 180:114769

Haase M, Wulf C, Baumann M, Rosch C, Weil M, Zapp P, Naegler T
(2022) Prospective assessment of energy technologies: a compre-
hensive approach for sustainability assessment. Energy Sustain
Soc 12(1):1-41

Hetherington AC, Borrion AL, Griffiths OG, McManus MC (2014)
Use of LCA as a development tool within early research: chal-
lenges and issues across different sectors. Int J Life Cycle Assess
19(1):130-143

Hu Y, Jing X, Ko Y, and Rayz JT (2020). Misspelling correction with
pre-trained contextual language model. In 2020 ieee 19th interna-
tional conference on cognitive informatics & cognitive computing
(icci* cc) (pp. 144-149). IEEE

Hussin F, Aroua MK (2020) Recent trends in the development of
adsorption technologies for carbon dioxide capture: a brief liter-
ature and patent reviews (2014-2018). J Clean Prod 253:119707

Jaffe AB, and Trajtenberg M (2002) Patents, citations, and innova-
tions: a window on the knowledge economy. MIT press

Jalali, S., & Wohlin, C. (2012, September). Systematic litera-
ture studies: database searches vs. backward snowballing. In


https://link.epo.org/web/epo_guidelines_for_examination_2023_hyperlinked_en.pdf
https://link.epo.org/web/epo_guidelines_for_examination_2023_hyperlinked_en.pdf

The International Journal of Life Cycle Assessment (2025) 30:201-220

219

Proceedings of the ACM-IEEE international symposium on
Empirical software engineering and measurement (pp. 29-38)

Karkinsky T, Riedel N (2012) Corporate taxation and the choice
of patent location within multinational firms. J Int Econ
88(1):176-185

Karp SG, Schmitt CC, Moreira R, de Oliveira Penha R, de Mello
AFM, Herrmann LW, Soccol CR (2022) Sugarcane biorefiner-
ies: status and perspectives in bioeconomy. BioEnergy Research
15(4):1842-1853

Kim DH, Lee BK, Sohn SY (2016) Quantifying technology—industry
spillover effects based on patent citation network analysis of
unmanned aerial vehicle (UAV). Technol Forecast Soc Change
105:140-157

Kitamura Y, Kashiwase M, Fuse M, Mizoguchi R (2004) Deploy-
ment of an ontological framework of functional design knowl-
edge. Adv Eng Inform 18(2):115-127

Kogan L, Papanikolaou D, Seru A, Stoffman N (2017) Techno-
logical innovation, resource allocation, and growth. Q J Econ
132(2):665-712

Krestel R, Chikkamath R, Hewel C, Risch J (2021) A survey on deep
learning for patent analysis. World Pat Inf 65:102035

Lai H, Adams TA II (2023) Life cycle analyses of SOFC/gas tur-
bine hybrid power plants accounting for long-term degradation
effects. J Clean Prod 412:137411

Lee C (2021) A review of data analytics in technological forecasting.
Technol Forecast Soc Change 166:120646

Lee YD, Ahn KY, Morosuk T, Tsatsaronis G (2015) Environmental
impact assessment of a solid-oxide fuel-cell-based combined-
heat-and-power-generation system. Energy 79:455-466

LiuL, LiY, Xiong Y, Cavallucci D (2020) A new function-based pat-
ent knowledge retrieval tool for conceptual design of innovative
products. Comput Ind 115:103154

Liu Q, Wu H, Ye Y, Zhao H, Liu C, Du D (2018). Patent litigation
prediction: a convolutional tensor factorization approach. In: Pro-
ceedings of the twenty-seventh International Joint Conference on
Artificial Intelligence (IJCAI-18). IJCAI pp 5052-5059

Ma B, Pan S, Shu X (2018) Fully continuous flow production process
for directly preparing organic peroxide from alcohol or alkane
(Patent No. EP3666754). Chinese Patent Office

Mao G, Wang S, Teng Q, Zuo J, Tan X, Wang H, Liu Z (2017) The
sustainable future of hydropower: a critical analysis of cooling
units via the Theory of Inventive Problem Solving and Life Cycle
Assessment methods. J Clean Prod 142:2446-2453

Mehmeti A, McPhail SJ, Pumiglia D, Carlini M (2016) Life cycle sus-
tainability of solid oxide fuel cells: from methodological aspects
to system implications. J Power Sources 325:772-785

Moni SM, Mahmud R, High K, Carbajales-Dale M (2020) Life
cycle assessment of emerging technologies: a review. J Ind Ecol
24(1):52-63

Montecchi T, Russo D, Liu Y (2013) Searching in Cooperative Patent
Classification: comparison between keyword and concept-based
search. Adv Eng Inform 27(3):335-345

Morales-Gonzalez OM, Escriba-Gelonch M, Hessel V (2019) Life
cycle assessment of vitamin D 3 synthesis: from batch to photo-
high p, T. IntJ Life Cycle Assess 24:2111-2127

Naeini M, Cotton JS, Adams TA II (2022) Dynamic life cycle assess-
ment of solid oxide fuel cell system considering long-term degra-
dation effects. Energy Convers Manage 255:115336

Pallas G, Vijver MG, Peijnenburg WJ, Guinée J (2020) Life cycle
assessment of emerging technologies at the lab scale: the case of
nanowire-based solar cells. J Ind Ecol 24(1):193-204

Parteka A, Kordalska A (2023) Artificial intelligence and productivity:
global evidence from Al patent and bibliometric data. Technova-
tion 125:102764

Pénin J (2012) Strategic uses of patents in markets for technology: a
story of fabless firms, brokers and trolls. J Econ Behav Organ
84(2):633-641

Phan K, Daim T (2013) Forecasting the maturity of alternate wind
turbine technologies through patent analysis. Research and tech-
nology management in the electricity industry: methods, tools and
case studies. Springer, London, London, pp 189-211

Pirou S, Talic B, Brodersen K, Hauch A, Frandsen HL, Skafte TL, ...
and Hagen A (2022) Production of a monolithic fuel cell stack
with high power density. Nature Communications, 13(1), 1263

Pizzol M, Andersen MS (2022) Green tech for green growth? Insights
from Nordic environmental innovation. Business models for the
circular economy: a European perspective. Springer International
Publishing, Cham, pp 193-218

Pozo MD (2017) The European requirement of industrial application:
the requirement of industrial application. In: Patenting genes.
Edward Elgar Publishing, pp 30-61. https://doi.org/10.4337/
9781786433954.00011

Raugei M, Winfield P (2019) Prospective LCA of the production and
EoL recycling of a novel type of Li-ion battery for electric vehi-
cles. J Clean Prod 213:926-932

Rillo E, Gandiglio M, Lanzini A, Bobba S, Santarelli M, Blengini G
(2017) Life cycle assessment (LCA) of biogas-fed solid oxide fuel
cell (SOFC) plant. Energy 126:585-602

Russo D, Spreafico C, Avogadri S, Precorvi A (2022) Investigating the
impacts of misspellings in patent search by combining natural lan-
guage tools and rule-based approaches. Knowledge 2(3):487-507

Russo D, Spreafico M, Spreafico C (2023) Supporting decision mak-
ing in design creativity through requirements identification and
evaluation. Int J Des Creat Innov 11(3):209-225

Sarica S, Luo J, Wood KL (2020) TechNet: technology semantic net-
work based on patent data. Expert Syst Appl 142:112995

Shalaby W, Zadrozny W (2019) Patent retrieval: a literature review.
Knowl Inf Syst 61:631-660

Smith L, Ibn-Mohammed T, Yang F, Reaney IM, Sinclair DC, Koh SL
(2019) Comparative environmental profile assessments of com-
mercial and novel material structures for solid oxide fuel cells.
Appl Energy 235:1300-1313

Spreafico C (2024) Prospective life cycle assessment to support eco-
design of solid oxide fuel cells. Int J Sustain Eng 17(1):20-37

Spreafico C, Russo D (2023) Investigating the evolution of the technol-
ogies for collecting microplastics. J Environ Manage 326:116710

Spreafico C, Russo D, Spreafico M (2021) Investigating the evolution
of pyrolysis technologies through bibliometric analysis of patents
and papers. J Anal Appl Pyrolysis 159:105021

Spreafico C, Landi D, Russo D (2023) A new method of patent analysis
to support prospective life cycle assessment of eco-design solu-
tions. Sustain Prod Consum 38:241-251

Sun Y, Liu W, Cao G, Peng Q, Gu J, Fu J (2022) Effective design
knowledge abstraction from Chinese patents based on a meta-
model of the patent design knowledge graph. Comput Ind
142:103749

Teng H, Wang N, Zhao H, Hu Y, Jin H (2024) Enhancing semantic text
similarity with functional semantic knowledge (FOP) in patents.
J Informetr 18(1):101467

Thonemann N, Schulte A, Maga D (2020) How to conduct prospective
life cycle assessment for emerging technologies? A systematic
review and methodological guidance. Sustainability 12(3):1192

Torrisi S, Gambardella A, Giuri P, Harhoff D, Hoisl K, Mariani M
(2016) Used, blocking and sleeping patents: empirical evidence
from a large-scale inventor survey. Res Policy 45(7):1374-1385

Tsoy N, Steubing B, van der Giesen C, Guinée J (2020) Upscaling
methods used in ex ante life cycle assessment of emerging tech-
nologies: a review. Int J Life Cycle Assess 25:1680-1692

@ Springer


https://doi.org/10.4337/9781786433954.00011
https://doi.org/10.4337/9781786433954.00011

220

The International Journal of Life Cycle Assessment (2025) 30:201-220

Xu Y, Zhang C, He S, Chen H (2021) Preparation method of ultra-
high-sphericity nanometer yttrium oxide dispersion strengthened
titanium alloy powder (Patent No. CN114178538). China Patent
Office

Yan H, Wang G, Lu Z, Tan P, Kwan TH, Xu H, ... and Wu Z (2020)
Techno-economic evaluation and technology roadmap of the
MWe-scale SOFC-PEMFC hybrid fuel cell system for clean
power generation. J Cleaner Prod 255 120225

Yang, J (2011) Dual-alloy cladding layer wear plate and preparation
method (Patent No. CN102517578). China Patent Office

Yuan X, Li X (2021) Mapping the technology diffusion of battery
electric vehicle based on patent analysis: a perspective of global
innovation systems. Energy 222:119897

@ Springer

Zhang H, Daim T, Zhang YP (2021) Integrating patent analysis into
technology roadmapping: a latent dirichlet allocation based tech-
nology assessment and roadmapping in the field of Blockchain.
Technol Forecast Soc Change 167:120729

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.



	Using patents to support prospective life cycle assessment: opportunities and limitations
	Abstract
	Purpose 
	Methods 
	Results and discussion 
	Conclusions 

	1 Introduction
	2 Materials and methods
	2.1 Considered prospective LCA challenges
	2.2 Patent analysis technique review

	3 Results
	3.1 Goal and scope definition in prospective LCA
	3.1.1 Define the geographical scope
	3.1.2 Define the temporal scope
	3.1.3 Identify the function of a new technology
	3.1.4 Select the compared technology alternatives

	3.2 Inventory analysis
	3.2.1 Estimate prospective inventory data
	3.2.2 Technology scale-up
	3.2.3 Select an LCA dataset

	3.3 Interpretation
	3.3.1 Uncertainty analysis

	3.4 Case study
	3.4.1 Identifying the function
	3.4.2 Selecting the technology alternatives
	3.4.3 Estimate prospective inventory data and technology scale-up
	3.4.4 Select an LCA dataset


	4 Discussion
	4.1 Searching a patent
	4.2 Checking the quality of a patent
	4.3 Where to retrieve data from patents

	5 Conclusions
	References


