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Abstract

The scope, complexity and the “volume” of knowledge accumulated render producing
an overview of the core themes of science, technology and innovation policies difficult.
Reviews of this policy domain mostly either refer to general issues without deep immer-
sion into details or focus on specific narrower aspects. The paper uses semantic analysis
to identify major themes of science, technology and innovation policies over the last three
decades and to trace their evolution towards current policy setting. We use semantic tools
for processing and analysing documents produced by one of the major and highly reputa-
ble international expert bodies, the OECD Working Party on Technology and Innovation
Policy. We show that selected themes remain in the mainstream even though being affected
by regular policy adjustments and refinements and which disappear or appear with new
challenges and expected solutions. Other themes appear niche or exotic themes which are
under discussion for some time only.

Keywords Science policy - Technology and innovation policies - Evidence based policy -
OECD Working Party on Technology and Innovation Policy - Big data analysis - Semantic
analysis - Text mining - International policy agenda
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1 Introduction

Science, technology and innovation (STI) policies aim at contributing to relevant condi-
tions at the international, national and regional levels to ensure long term economic growth
and social welfare. They have a horizontal character touching upon diverse policy fields,
related to health, education, employment, migration, trade, taxation, infrastructure, invest-
ment, SMEs, competition, etc. Thousands of policy documents and analytical reports
issued over decades across the globe reflect those considerations. Consequently, most
reviews of this policy domain either refer to general issues without deep immersion into
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details or focus on specific narrower aspects. Thus, in order to understand the evolution of
STI policies over time and identify major themes attracting stakeholders’ attention, there
is a need for high-level, synthetic overviews that would also connect to the more granular
levels.

Various arenas and institutions around the world bring STI policy makers and academ-
ics together to discuss national policy approaches and ensure their international co-ordina-
tion, find inspiration for national policies and learn from other countries’ experiences. One
of the most influential and internationally renowned bodies is the OECD Working Party
on Technology and Innovation Policy (WP TIP), which has met more than 50 times since
1993, gathering twice-yearly all OECD member countries and partner economies which
are represented by renowned experts delegated by relevant national and international agen-
cies and academia.! The results of these meetings are documented in project reports, work-
ing documents and publications, which mirror the opinions of all Working Party members
across countries because they are typically approved by consensus. The themes targeted by
WP TIP over the years are fairly reflective of the interests of policy makers and orienta-
tions of the global policy discussion. Although not necessarily covering immediately the
entire field of STI policies, they therefore give an open window on the field and provide the
material needed for a relevant meta review.

In this paper, we apply semantic analysis to proceedings of the WP TIP meetings® to
investigate the evolution of its working themes over time—which ones remained in the
mainstream even though affected by policy adjustments and refinements, and which ones
disappeared or newly emerged, sometimes under different umbrellas. State-of-the-art text
mining methodologies rest on computational linguistics, machine learning and network
analysis. The respective algorithms and tools used are further described below. Aside from
drawing new perspectives on STI policies by applying these innovative approaches, we
show how semantic tools provide new opportunities for policy analysis.

The analysis of WP TIP documents is particularly relevant given the long history and
high standing of this group, and its respective outputs which provide a solid information
basis about relevant STI policy related themes at a given time. The work was undertaken at
the occasion of its 50th meeting, the TIP asked several expert groups to implement seman-
tic analysis techniques (also known as “text mining” or “natural language processing”,
NLP) on its corpus, with the view to draw a synthetic view of its achievements and evolu-
tion over the years.

We find that two separate but complementary policy frameworks have played an impor-
tant role in the WP TIP’s international STI policy debates:

e a structural, systemic one, emphasizing the linkages between actors, and
an economic, financial (both budgetary and private) one focusing on the allocation of
funds and the encouragement to business innovation.

Both frameworks have been used for different purposes (e.g. the former to address sys-
tem transformation, the latter to analyze public funding and venture capital), and sometimes

! For details, see: http://www.oecd.org/sti/inno/working-group-on-innovation-and-technology-policy.htms#:
~:text=The%200ECD%20Working %20Party %20on,contributions%20to%20innovation%20and %20eco
nomic. Accessed 13 February 2021.

2 The authors wish to thank Dominque Guellec, Observatoire des Sciences et Techniques and Caroline
Paunov, Organization for Economic Cooperation and Development, for their advice on the article.
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in conjunction, e.g. regarding commercialization of public research: in the semantic space
that we construct in this study, the concepts related to this mission (knowledge transfer and
technology transfer) are positioned in-between the innovation systems thematic cluster and
the one for business R&D. However, the finance thematic cluster is relatively isolated from
the rest of the semantic set, suggesting that the systemic approach has not resulted in a
transformation of the thinking around policy instruments used for STT itself.

Our analysis also illustrates an interesting interplay of permanent and changing themes.
The systemic approach experienced several avatars as a response to new frameworks and
new policy questions, but sometimes explained by following a changing policy lexicon.
The industry-science relation also experienced several avatars, marking its progressive
broadening from a one-way to a two-way exchange, from science and technology to all
sorts of knowledge, from a specific higher education strategy to a transformative force at
the core of the innovation economy (with the “knowledge triangle”). Hence, if changes in
terms sometimes have a cosmetic (fashion) aspect, they can also convey information on
actual evolution in the content or positioning of concepts. New policy demands have also
emerged on the STI policy agenda including notably societal involvement in innovation
policy, environmental matters but also digitalization.

Our paper contributes to the emerging set of studies that apply text mining tools, in
which assessment is based on the implementation of standardized techniques on a shared
corpus of text. It also illustrates how STI studies can provide a framework for evidence-
based policy.

2 Literature review

The analysis of STI systems has long comprised statistical analysis, performed with
machines, and qualitative analysis, done by humans. It is only recently that, due to progress
in natural language processing it has been possible to do policy analysis with the help of
machines. This section presents a short review of the emergence and progress of semantic
analysis in the STI policy field in a background dominated by statistical analysis.

One of the most widespread approaches in technological and scientific development
studies is the analysis of publications and patent citation networks. This basic bibliometric
method allows evaluating the impact of publications and authors on the field of interest.
Furthermore, it indicates the ‘structure of the knowledge base on innovation’ using cita-
tion analysis and econometric tools (2012b; Fagerberg et al., 2012a). Patent analysis is a
suitable tool for mapping technological trajectories (Verspagen, 2007). Martin (1995) pro-
vided an influential overview of foresight studies for STI which also demonstrated strong
emphasis on bibliometrics and patent statistics. All these instruments form a basis for sat-
isfying the needs of information based STI policy which was reviewed by Morlacchi and
Martin (2009) in their seminal work and which also led to the emergence of innovation
studies (Fagerberg, Verspagen, 2009). The analysis of field-specific highly cited publica-
tions allowed to draw a spectacular evolutionary panorama of science policy and innova-
tion studies (De Silva et al., 2021; Gokhberg & Meissner, 2016; Martin, 2012).

Nowadays more detailed and in-depth results can be obtained by implementing
advanced techniques making use of not only the metadata of publications but of their con-
tent, applying so-called semantic technologies, or text-mining. For instance, Zhang et al.
(2017) adopted this approach and studied evolutionary pathways of scientific activities via
textual data analysis, relationship identification models and science maps visualization.
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Science map construction was also applied by Shapira et al. (2017), who tracked the emer-
gence of synthetic biology with their own bibliometric definition of this field. In broader
terms, one of the highly dynamic topics in the scientific development analysis is identi-
fication of emerging trends, technologies and concepts. Among the most recent studies
is the U.S. Intelligence Advanced Research Projects Activity Foresight and Understand-
ing from Scientific Exposition Program (Carley et al., 2018) which published a software
script for “Emergence Indicators” calculation for any topical issue. Important efforts in
this field were undertaken by Daim et al. (2006), Chen (2006), Shen et al. (2010), Rotolo
et al. (2015), Bakhtin et al. (2020), Gokhberg et al. (2020) among others contributing to
the development of methodologies for emerging trends detection and consequently to its
implementation in evidence-based STI decision-making. Semantic analysis is frequently
used as a tool for identifying various types of particular STI trends in various areas.

Scientific research projects funding analysis is another popular area in STI policy
studies where textual data analysis is regularly applied (Youtie et al., 2017). This is due
to the fact that it provides an opportunity to enhance significantly the scope of informa-
tion sources available, with big data arrays of unstructured textual content and financial
data. For example, Huang et al. (2016) compared the US and China national funding of
interdisciplinary big data research through text-mining processing of funded research
proposals and funding acknowledgements of publications from the Web of Science data-
base. Other valuable results in this sphere—cross-agency and cross-national co-funding
patterns—were obtained by De-Miguel-Molina et al. (2017) who focused on the biblio-
metric analysis of scientific papers from the PubMed database and applied also Social
Network Analysis methods.

Only recently semantic analysis techniques were exploited in this field, e.g. Zhang
et al. (2014), who developed relevant methodology for the case of innovation in China’s
dye-sensitized solar cell industry, or Li et al. (2018), who examined the influences on
growth in small and mid-size firms within mentioned theoretical framework and using
web-mining of companies’ websites.

Bakhtin et al. (2017) integrated different big data related information sources for
trend monitoring of linking science and strategy. Another related theme studies with the
help of textual data analysis instruments is scientific mobility. Here Kuzhabekova and
Lee (2018) evaluated the influence of foreign university faculty members on Kazakhstan
research capacity building by combining bibliometric, social network analysis, and con-
tent analysis of scholarly articles from the Web of Science database. Overall, the aca-
demic literature focuses exclusively on selected STI related themes and tends to ignore
others. Furthermore, studies that scan policy documents and related analytical policy
reports, besides scientific publications and patents, have been rather seldom, although
using semantic tools and broader artificial intelligence solutions to mine relevant infor-
mation could put policy debates on a sounder footing and help steer more-proactive pol-
icymaking (Gokhberg, 2020). Such attempts face several challenges so far:

(1) National policy documents (including strategy papers, legal acts and analytical reports)
differ substantially across countries in language (semantics, tone etc.) and focus, reflect-
ing the national policy discussions.

(2) Conversely, documents prepared by international organizations contain substantial
cross-country information based on primary sources and provided to these organiza-
tions by national experts and framed in internationally harmonized or comparable
language.
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(3) Eventually analysis of dedicated STI policy themes at a single country level leaves the
overall STI policy mix consideration aside or covers it only partially meeting specific
national circumstances.

Different from those cases, our analysis focuses on documents published by the OECD
as an international organization that plays the key role in driving global cross-country
discussions on STI policies and achieves general consensus between nations. The themes
discussed there are not necessarily directly tied to concrete, immediate policy actions and
programs, but rather to the overarching framework (objectives, issues, challenges, actors,
tools) for policy initiatives and thus providing a broader—global—picture and understand-
ing of the full range of STI policies.

The article continues as follows. Section 3 presents the data and methodology applied
for document analysis, and Sect. 4 reports the major findings. The conclusions draw cross-
cutting lessons.

3 Data and methodology
3.1 Data

This paper analyses a corpus of 210 documents of the WP TIP among which 95 are meet-
ings and workshops agendas, 70 are meetings and workshops summaries and 45 are policy
reports presented and discussed in particular meetings. These documents reflect 26 years of
international discussions on STI policies at the WP TIP meetings from 1993 to 2019. The
unique feature of these documents is that they reflect internationally harmonized compro-
mise views achieved by participating nations in the framework of numerous cross-country
projects and allied regular meetings. They are compatible with the national STI policies as
their release requires consensual adoption by member countries representatives.

While the WP TIP documents are for the above-mentioned reasons a very suitable
example to allow understanding how the global STI policy agenda evolved over nearly
three decades, as is the case with any documents some issues reflect idiosyncratic develop-
ments specific to this international forum. For instance, the increased engagement of the
European Commission in STI activities has reduced debates on international STI collabo-
ration in the WP TIP that European countries address increasingly in the EU discussion
fora. Consequently, the analysis of the results of semantic analysis requires expert adjust-
ments to those idiosyncrasies. This reflected interpretation of results is done in the con-
cluding section.

3.2 Analysis process

The process of the identification of main theme topics and changes over time was car-
ried out using the Big Data intelligent FOResight Analytics (GFORA) system, developed
at the HSE ISSEK.? The system is based on natural language processing utilizing machine

3 The authors wish to thank Pavel Bakhtin for his advice on methodology.
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Fig. 1 Stages and methods of analysis of the collected text array and related metadata. Source: HSE ISSEK
iFORA

learning, text mining, science bibliometrics and technology analysis.* Text data processing
and analysis consists of four main layers (Fig. 1):

(1) term extraction,

(2) ontology engineering,
(3) machine learning,

(4) statistical analysis.

4 The system is based on in-depth natural language processing (NLP). iFORA draws on an integrated data-
base of diverse information and data sources. Its database hosts more than 500 million documents, includ-
ing 120 million scientific publications in all research areas from Microsoft Academic Graph and CrossRef
databases, 100 million WIPO, USPTO and Russian Patent Office patents, STI and market-related 40 mil-
lion international and 10 million Russian news reports, as well as grant applications and grants supported
by national and international science fondations, analytical and strategic documents and other sources of
information. Data collection from a variety of open sources is carried out by parallel (multi-threaded and
distributed) launch of software data extraction processes. The results generated by the iFORA system are
used to produce a comprehensive and objective web of interconnected trends, drivers, barriers, and tech-
nologies to give an overview of the whole landscape of the sphere of interest in one dashboard. It maps
the diversified dynamics of issues over decades when some of them still remain in the mainstream even
though being affected by regular adjustments and refinements while others disappear under the pressures
of newly emerged challenges and allied solutions. Success cases include semantic S&T landscape maps
highlighting growing and fading topics, maps of national S&T competences and centers of excellence, and
gap analyses for regulations and legislation. Valuable iFORA products are also collections of weak signals
and’wild cards’ with potentially disruptive effects, and forward-looking timelines containing provisional
future events as consequences of decisions previously made. For further details, see: https://issek.hse.ru/
data/2020/05/28/1550143786/iFORA _brochure.pdf
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In the first stage (term extraction phase), large arrays of unstructured textual data were
transformed into structured table representations. For achieving this, each document
was split into separate sentences, words and phrases with different linguistic characteris-
tics. Syntactic analysis of the links between words in the sentence allowed spotting word
dependencies (where the first word is the governor, the second is dependent) and the type
of communication based on the context of the interaction between words. The following
dependency linguistic rules were used to iteratively combine all connected words into
terms:

e <adjective, adjective modifier, noun > (e.g. open innovation),
®  <noun, compound, noun>(e.g. venture capital),
® < noun, noun modifier, noun > (e.g. internet of things).

Term extraction phase assumes that the universal numerical characteristics of words are
calculated for the transition from the linguistic apparatus to the statistical and vice versa;
this will allow separating the terms containing information about the object of study from
the linguistic noise. The amount of literature devoted to the description of hybrid linguis-
tic-statistical strategies that guarantee the extraction of reliable terms is growing from year
to year, and testing the proposed methods for robustness when used on text corpora and
various fields of knowledge, including technical texts, makes it possible to apply these
methods within the framework of this study work. The most commonly used and effective
measures for the selection terms are such statistical measures as word frequency, C-value
and T-score, etc. Also, the high quality of the results is shown by such a measure as PMI,
which is relatively simple log-linear function and is typical to use for neural networks to
produce high-quality word embeddings on large corpora (Arora et al., 2016; Melamud &
Goldberger, 2017).

In our context, based on results of computation PMI measure, approximately 3,000
terms were extracted from the texts. We extract 3096 words and cut the number to the clos-
est round number for the further convenience. It can be noted that the increasing number
of words lead to the decreasing governing statistics and some computational costs. Also,
the vast majority have very general meaning when extracted from their context (e.g. “they
have” or “text”), conveying no STI-related information that could be exploited with the
current techniques.

In the second stage (ontology engineering phase), all terms were independently
assessed, and only relevant policy instruments and topics were left for further analysis. We
apply HCOME (Human Centered Ontology Engineering) methodology, involving the par-
ticipation of linguists and experts in R&D policy, engineers, throughout the entire process,
the effectiveness of which in projects from the field of medicine, R&D, business manage-
ment, etc. is shown in a series of publications (Stapleton, 2006; Pereira et al., 2013; Hilde-
brandt et al., 2020). Details on design of ontology engineering phase can be found in Kotis
and Vouros (2006). The 231 terms validated by experts in the previous step were clustered
using hierarchical cluster analysis (see description in Murtagh & Contreras, 2012) into 168
higher level entities representing similar meaning (see Table 1 in Appendix A). For exam-
ple, the following terms were grouped under “R&D TAX POLICY”’:

tax incentive,
r&d tax incentive,
r&d tax credit,
tax treatment,
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Fig.2 Word2vec Skip-gram INPUT PROJECTION OUTPUT
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et al., 2013a) ——
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Third, in the machine learning phase for the algorithm to learn terms’ meanings from
WP TIP texts we applied a word embedding technique called Word2Vec (Mikolov et al.,
2013a). The main idea behind Word2Vec is to discover word features based on the context of
words (i.e. neighboring words). We used skip-gram shallow neural network architecture which
aims at predicting context based on a word (Fig. 2).

The main idea of the Skip-Gram architecture (parameter “Training algorithm”) is to maxi-
mize classification of a word based on another word in the same sentence. Word prediction
is carried out using an iterative procedure, where the input to a log-linear classifier with con-
tinuous projection layer is a current word, for which we determine the size of the interval
where word representations should be estimated (parameter “window size”—maximum dis-
tance between the current and predicted word within a sentence). An increase in the size of the
interval leads to a significant increase in computational complexity, however, it has a positive
effect on the quality the resulting word vectors.

In Skip-gram model for the task of finding word representations we take a sequence of
training words w, w,, ws, ..., w, and try to maximize the average log probabilityp:

T
%;7 Y logp(welw,) (1)

<j<ey#0
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C
size”).

In (Mikolov et al., 2013a) it is proposed to compute p(w, +j|w,) on the base of softmax
function

window size, w,—input word, T—vector size (parameter ‘“word embedding

T

exp(v’M/o V/WI)

p(WO |W1) = W

exp(V/ Tyr
w=I w wy

2

w,—input vector representations of w, w,—output vector representations of w, W—num-
ber of words in the vocabulary.

Such formulation is time-consuming and non-effective in term of computer calculations,
it is better the well-known approximation Hierarchical Softmax. It is first introduced by
Morin and Bengio (2005) especially for the tasks of neural network language models. Hier-
archical Softmax allows to decrease computational cost by evaluating only about log, W
nodes to obtain the probability distribution. More details about the procedure can be found
in (Mikolov et al., 2013b). Hierarchical Softmax approximation does not apply together
with Negative Sampling, it operates only with high-quality vector representations (param-
eter “Negative sampling”).

Skip-Gram architecture is applied to the tasks from a wide range of scientific and
applied problems in neural networks for sentence classification and show the robustness of
the results to the parameter settings, and the advantage of the architecture over other ana-
logues, including CBOW.

To train the Word2Vec model we used Gensim software with the following parameters:

Parameter Value
Training algorithm Skip-gram architecture
Softmax function approximation Hierarchical softmax

Window size (maximum distance between the current and predicted word within 15 (in words)
a sentence)

Word embedding size (dimensionality of the vector representations of words) 200
Minimum count of words (ignores all words with total frequency lower than this) 3
Number of iterations 10

Thus, the above specification of the architecture and the choice of parameters are
aligned with generally accepted practices for the implementation of these algorithms and
take into account the need to balance the accuracy of the results and computational over-
head. The robustness of the architecture itself is confirmed by the publication of materials
with the results of comparative testing of algorithms.

The key trick in the machine learning stage was to use terms extracted in the first phase
of the analysis instead of words, and to account for higher level entities. In order to achieve
that the following transformations were made:

e words contained in terms, that were detected inside sentences, were combined together
using “_” symbol. For example, the sentence “Triple helix is an important concept in
STI policy” would transform intro “triple_helix is an important_concept in sti_pol-
icy”,

e terms that were grouped under one entity during the ontology engineering phase, would
be replaced by their respective entity.
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Finally, in stage 4 the statistical analysis was performed in order to derive trends from
the data. Two main metrics were calculated:

relative position of terms,
relative term frequency,
term growth rate.

The annual relative term frequency #f;(f) was calculated using the following formula (3):

|{si €St e si}l

s 3
51 )

if:@0) =

|{si € Silg € sl-} |—the amount of times the term ¢ occurs in the sentences in documents
of a particular ith publication year,

|S;—the amount of all occurrences in all sentences in all documents of a particular ith
publication year.

The total relative term frequency #f(¢) was calculated using the following formula (4):

T

TOEWIO) )

i=1

T—the length of time period in years, i = 1,2, ..., T

The following indicator helps to assess the significance of the topic in a large number of
documents.

Term growth rate gr(¢) was calculated using the following formula (5):

! Zizr/zlfi(f)
o= 7( S0 ) ©)

T—the length of time period in years, i = 1,2, ..., T,

tf ;(t—annual relative term frequency in ith publication year.

Term growth rate allows spotting trends in the data—the higher the overall dynamics,
the more potential this topic may gain in time.

The results of the statistical analysis were visualized in the format that would be intui-
tive and insightful for potential decision makers, researchers and experts. To accomplish
that we used semantic (wordcloud) and trend maps.

(1) Semantic map is a projection of terms’ vector representations (Word2Vec word embed-
dings) on a two-dimensional plane, where:

e coordinates of terms are based on the vectors’ projection that builds upon using
UMAP algorithm (Mclnnes et al., 2018) with following parameters:

— set of parameters which can be used for balancing local and global structure of
the nodes and links on the map:

e number of approximate nearest neighbors used to construct the initial high-
dimensional graph=20 (the greater the value of the parameter is, the more
common features will be presented on the map, the lesser the role will be
played by local or rare connections between nodes),
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Fig.3 Semantic map of WP TIP topics, 1993-2019. Source: authors based on iFORA, HSE ISSEK

e minimum distance between points in low-dimensional space=0.6 (the
larger value is the less focus on the broader topological structure takes
place. This parameter controls the density of links),

— metric (mathematical representation of the distance between nodes) = cosine,
— number of components (construct topological spaces out of simple 2-simplex
components; k-simplex as an arbitrary set of K+ 1 objects with faces) =2.

term size is determined by total relative term frequency,
color is specified by cluster, which was identified using Ward hierarchical clus-
tering algorithm (Ward, 1963) based on terms’ coordinates,

e cach cluster of terms—is a separate topic unified semantically.

2) Trend map is a scatter plot, which allows identifying trends of different types based on
combining two metrics: fotal relative term frequency (2) and term growth rate (3). By
using median values of both metrics, we came up with 4-level classification of all terms
represented by following classes. The principal scheme of trend map is demonstrated on
the Fig. 3. The color of terms was determined by thematic clusters assigned on seman-
tic map. Instead of pure term relative frequencies and term growth rates we used their
inverse ranks in order to normalize their distribution on the map (for better readability):
such a transformation changes the levels of the variable but preserves the ranking of the
terms. The size of labels of terms would still refer to real values.

Thus, the methodology described above is in line with accepted practices in the
scientific community for conducting research in the field of NLP. This work refers to a
practice-oriented study, without focusing on a significant development of the method-
ology, but rather the application of a highly cited and relevant methodology to the task
of strategic planning and studying the WP TIP policy agenda. A sketch of the method-
ology is intended to provide background information for the convenience of the reader,
and also provides the necessary links for a more detailed study.
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3.3 Caveats to the analysis

While semantic analysis is a powerful tool, the following caveats apply. First, judg-
ing the relative importance of the various themes on the WP TIP policy agenda is not
straightforward on the basis of semantic analysis only. Although counts of terms are
informative, they are not sufficient: because terms have uneven semantic scope (e.g.
“international cooperation” is broader than “international technological cooperation”),
and because terms have to be connected to each other in order to identify themes or
broader thematic clusters. More sophisticated methods could capture semantic relations
between terms and control for such effects. This was done here partly manually (e.g. by
grouping certain terms considered as absolute synonymous), but to a limited extent as
all manual interventions carry the danger of reflecting the researcher’s own prejudice
(see examples of ambiguous relations between terms below).

Second, changes in terms could either reflect changes in the semantic content or
could just be cosmetic changes, as terms can be subject to some types of academic or
political fashion. The distinction between the two possibilities is not always clear-cut,
as formal changes, in relation with some fashion, can also denote new nuances in the
semantic content. For instance, the word “technology” has often been replaced by the
words “knowledge” or “innovation”, depending on the context. Hence, “technology
transfer” has been replaced by “knowledge transfer”, and “technology policy” by “inno-
vation policy”. While the meaning can be unchanged in certain cases, this change from
“technology” to “knowledge” or “innovation” can also denote a broadening of or even
change in the focus—knowledge is broader than technology; innovation is about a spe-
cific economic operation or cycle while technology refers to a technical phenomenon.
Hence, “technology transfer” has the connotation of a purely technical operation, while
“knowledge transfer” might refer to economic, managerial and cultural dimensions, as
well.

Third, overall, the analysis shows that thematic areas overlap and interrelate, but no
causality can be derived from this. Interpreting the findings requires substantial exper-
tise and experience. The statistics captures the occurrence and co-occurrence of terms
in documents and discussions but this does not reflect the whole semantic dynamics.
For that purpose, one needs to constitute wider policy themes by grouping the terms,
one needs to analyze the connections between these groupings, and above all one needs
to embed this evidence into a broader knowledge of the corresponding policy debates.
Despite the methodological progress provided by text mining techniques, there is still
much human intervention left in such an analysis. Consequently, the section of findings
adds those framings to the results of semantic analysis to jointly produce a new vision
on the developments of STI policies.

4 Findings

This section discusses the findings from implementing the above-mentioned methodol-
ogy to address what have been the main themes of the global STI policy agenda repre-
sented by the WP TIP as well as stability or change in those themes over the 1993-2019
period.
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4.1 Main policy themes

To uncover the main policy themes and their linkages, we produce a semantic map of
the WP TIP documents as shown in Fig. 3. Each term can belong to several different
topic clusters—the classification is not exclusive. The proximity between words on the
map is reflective of their spatial proximity (co-occurrence) in the WP TIP documents. In
most cases, this is because the terms feature in a same WP TIP project, which is directly
reflective of contextual, semantic proximity, i.e. the closeness of terms in a same STI
policy sub-domain. Proximity could also emerge from different projects that were con-
ducted at the same time and present in contiguous items on the WP TIP agenda. While
not necessarily reflective of a semantic link, this proximity is informative of the “mood
of the time” regarding the STI policy discussion. In view of these observations, the
semantic map derived from our iFORA-based experiment indicates the following auto-
matically identified main STI policy themes (topic clusters):

International linkages between businesses
Higher education and public research
Usual innovation policy features
Involvement of civil society in innovation
System level analysis

Openness

Core ‘machinery’ of innovation

Sectoral and thematic policies
Macroeconomic and budgetary approach to innovation policy
Finance

Economic impact of innovation

These STI policy themes are described in the following.

International linkages between businesses: international trade, global value chain,
global market. These terms are close on the map to “comparative advantage” and
“structural change”, which are important economic concepts: the latter notably reflects
one expected impact of international trade and investment on national economies. At the
same time this cluster is separate from terms like “international cooperation” (which is
included into the usual innovation policy features cluster) and “international students”
(which goes together with higher education and public research): that might reflect a
weak integration of business and public sector dimensions in the policy mix for interna-
tionalization as viewed by the WP TIP.

Higher education and public research: research institute, scientific research, pub-
lic research, public sector, scientific community, higher education, international stu-
dents, knowledge transfer, technology transfer, technology transfer office, commercial
spillover, etc. This thematic cluster gathers science-related institutions with public mis-
sions and government funding, and their strategic orientations. Commercialization has
become a major mission of higher education institutions over the years. It is therefore
not an accident that this cluster borders with both business R&D and technology diffu-
sion related topic clusters on the semantic map. On the other hand, it is quite far from
the “knowledge triangle”. The latter is used in a different policy and semantic environ-
ment, related to broader system approaches rather than higher education policy per se.
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Usual innovation policy features: demand side policy, public policy, business and
public research sectors, industry-science linkage, innovation policy, innovation strategy,
regional innovation policy, priority setting, new public management, etc. This is a set of
instruments that are used in a coordinated way (“policy mix”) to constitute the innovation
policy toolkit. In many respects it is the core mission of the WP TIP, to analyze the design
and implementation of these instruments for different purposes, in different contexts, to dif-
ferent objectives. This thematic cluster is close to the “system level analysis” and “higher
education and public research” clusters, more than to the macroeconomic and finance clus-
ters: this might reflect a certain orientation of the WP TIP views giving more weight to the
corresponding conceptual approaches and instruments.

The involvement of civil society in innovation: civil society, public interest, social
capital, user-driven innovation. This set of themes is rather recent as we will see, it reflects
the emerging trend across countries for new channels (beyond markets and governments) to
influence the orientation of innovation, so as to take into account considerations and objec-
tives that existing channels have tended to underestimate (in relation with various aspects
of individual or collective well-being like health, the environment etc.).

System-level analysis, looking at the various actors and their interactions, embodied
in terms like: National System of Innovation (NSI), system innovation, system transforma-
tion, transition management, smart specialization, and knowledge triangle. These terms
refer to broad concepts that have been used by the international STI policy community to
characterize major trends in the economy and policy of innovation. Interestingly in all of
these cases, the central idea is about linkages between actors, used to leverage some pol-
icy objective: this is reflective of a systemic view of innovation. Each theme has been the
subject of at least one dedicated WP TIP project at some point in time. In the case of the
NSI, the TIP played a significant role in the development of the concept in its early years
(1990s), and applied it widely for more than a decade subsequently. Each other term in
the list points to a specific phenomenon having a broad impact: system transformation is a
specific approach to the dynamics of adapting societies to societal and environmental chal-
lenges; smart specialization focuses on the regional dimension of innovation-based devel-
opment; the knowledge triangle is centered on higher education institutions and their con-
tribution to innovation. System-level analysis tends to put as much or even more emphasis
on non-market relationships between actors as on market relationships, to emphasize the
role of institutions, the embeddedness of economic development in societal networks and
the specific features of human communities at various scales—regional or national.

Openness: open innovation, open science, open data. Access to skills and knowledge
is key for innovation, and the way it is structured has a direct impact on innovation perfor-
mance. The years 2000s have experienced a dramatic change in that regard, with the pro-
gress of the Internet and digital technologies, which have reduced the cost of communica-
tion and increased its density. New opportunities arose for circulating information, but their
realization required certain policy conditions to be met. This is what the WP TIP discussed
in the fields of data, science and innovation.

The core “machinery” of innovation: knowledge creation, innovation process,
know-how, technology diffusion, technology foresight, linear model. These terms reflect
various aspects on the generation and diffusion of innovation. In order to strengthen
its policy analysis, the WP TIP has investigated these deeper aspects of the innovation
system, with a view notably to establishing a “post-linear” model of innovation. The
linear model states that science precedes technological innovation, which precedes mar-
ketization; while the alternative models insist on feed-back linkages in this chain. For
instance, the linear model which is still present in many national strategic documents
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across the globe tends to justify a separation of innovation policy from science pol-
icy, an approach opposite to the systemic view, according to which actors and activities
are closely interconnected and such separations are detrimental to the efficiency of the
system.

Sectoral and thematic policies: digital (artificial intelligence, Big Data, software,
digital transformation, digital economy, etc.), services, specific technologies (advanced
manufacturing, fuel cells, energy storage, renewable energy, smart city), and specific
social needs (health sector—health care services, medical devices, environment—envi-
ronmental policy, environmental degradation, environmental protection, sustainable
development, green growth, green innovation, sustainable city). These dimensions are
strongly interconnected, the corresponding terms tend to occur in the same documents,
demonstrating that the WP TIP has taken a broad, holistic view of these issues, empha-
sizing their generic aspects in relation with innovation: sector specific aspects were
enlightened with broader considerations like technological transformation (digital) and
social demand (health and environment). Interestingly in that regard, two policy terms
connected with environment (environmental R&D and environmental scientific affairs)
are not in this cluster but rather in the proximity of the policy instruments they use
(R&D and science respectively), showing that the WP TIP has been working to connect
social demand with the core policy instruments of its domain.

Macroeconomic and budgetary approach to innovation policy: business R&D,
public R&D, R&D tax credit, budgetary approach, environmental R&D, environmen-
tal scientific affairs. The WP TIP has complemented the systemic analysis with eco-
nomic analysis, investigating the structure and impact of R&D spending (one of the
major sources of innovation, for which reliable statistical data is available) and the poli-
cies that can influence it. It has conducted several quantitative studies on the R&D tax
credit instruments, that were embraced by a dozen of countries in the mid-1990s, at the
WP TIP’s inception, and appeared again in an exercise implemented by nearly all (36)
OECD member countries in 2019. The conceptual framework for doing that is comple-
mentary from the systemic approach, it relies more on mainstream economic concepts
like rate of return, optimization, etc.

Finance: venture capital, stock market, technology investment, interest rate, capital
gain, financial market, financial crisis, high tech industry. This thematic cluster is close
to the “macroeconomic and budgetary approach” cluster mentioned above. Both have to
do with resource allocation, the former by firms and markets, the latter by government.
This domain makes use of economic concepts, like risk and information asymmetry.
The main justification for government intervention in a classical economic framework
is the existence of market failures: this term is linked to high-tech industries, a sec-
tor whose development raises complex financing issues related to risk and information
asymmetries (as it is the main recipient of venture capital) and where government is
active due to alleged market failures.

Economic impact of innovation: economic growth, economic development, sustain-
able growth, job creation, human resource development, climate change. Governments
allocate significant resources to innovation (including R&D), and want to know how
effective this effort is, notably in terms of growth and job creation. Consequently, this
has been a major issue of the WP TIP, and an important component in many STI policy
projects.

Overall, tracing the activities of the WP TIP over the past decades points to two sepa-
rate but complementary policy frameworks:
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Fig.4 Trend map of WP TIP topics, 1993-2019. Source authors based on iFORA, HSE ISSEK

(1) astructural, systemic one, emphasizing the linkages between actors on the one hand,
and

(2) aneconomic, budgetary one focusing on the allocation of funds and the encouragement
to business innovation on the other hand.

They have been used for different purposes (e.g. the former to address system transfor-
mation, the latter to analyze venture capital), and sometimes in conjunction, e.g. regard-
ing the commercialization of public research: the terms reflecting this mission (knowledge
transfer and technology transfer) are positioned in between the innovation policy domain
and the business R&D field. However, the finance thematic cluster is relatively isolated
from the rest of the semantic set, suggesting that the systemic approach has not resulted in
a transformation of the thinking around policy instruments used for STI itself. Also, Intel-
lectual Property Rights (IPR) are close to no specific cluster or set of topics: that might
reflect the fact that IPR is a very transversal, cross-themes topic, used in various contexts
like international trade, technology diffusion, technology transfer, industry-science link-
ages, innovation policy, sectoral policies, etc. This is one limit of the semantic technique,
since it cannot reflect the variety of contexts in which a particular term is used, but it just
averages them.

4.2 Stability and change in the WP TIP thematic priorities

We now turn to understanding how the WP TIP thematic priorities evolved over the
1993-2019 period. The vertical axis of Fig. 4 reflects the relative frequency of terms’
appearance over the entire time period, while the horizontal axis demonstrates the change
in frequency over the periods Hence terms positioned in the north-east quadrant are both
highly significant and in relative progress over time, while the ones resting in the north-
west quadrant remain influential under the current mainstream but eventually losing
momentum. Terms located in the south-east quadrant represent emerging STI policy fields
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gaining greater dynamics, and those attributed to the south-west quadrant are weak signals
with a promise of further growth. We did not make an explicit analysis of the evolution
of terms during specific sub-periods, namely the 2008 financial crisis and the 2012 EU
budgetary crisis in Greece. The reason is that the 2008 financial crisis did not impact the
discussion at the Working Party much. This is mainly due to the overall modest impact
of the crisis on R&D spending during this period. Following a short dip in spending in
2009 related expenditures recovered quickly and continue to grow since then (OECD,
2009; Rehm, 2018). Certainly, the picture was different during this period where countries
with traditionally strong innovation performance (namely the Nordic countries, Germany,
Switzerland, the US) faced rather low decrease while other countries (Southern and East-
ern European countries) experienced stronger decrease of R&D expenditures. The latter
however were rather quickly offset with funds from the European Union (structural funds)
(Rehm, 2008). In addition, it was evident to the WP TIP that R&D expenditure follows
a mid to long term planning schedule which is usually not affected by short term events
(Alfranseder, Dzhamalova, 2014). Kincso and Radosevic (2017) argue that the crisis has
led countries to reconsider their STI policy mix composition by means of streamlining the
number of policies in place and supporting co-funding of business R&D expenditure by
public funds which aims at replacing otherwise decreasing volume of private funding due
to financial constraints (Peia and Romelli, 2022). In the end, the 2008 financial crisis did
not seriously affect R&D on broader scale industry-wide but did impact mainly those com-
panies which were already under financial constraints anyway, e.g. companies who had to
restructure their own finance towards short-term meeting financial obligations. Therefore,
the impact topic was not at the WP TIP agenda explicitly and thereby not affecting issues
discussed. Instead, the agenda continued as usual. Although there are special developments
in selected countries one has to remember that the OECD WP TIP includes countries from
all around the world, not limited to regions. Therefore, specific regional challenges are
not an issue of discussion but the overall global picture is. This also explains why this
paper does not split the sample according to events which occurred during the period under
investigation.

The figure provides the evidence of a substantive change. The NSI, a concept central
to the WP TIP original DNA, has experienced a sharp decline in policy use. In reality,
this does not mean a decline in the application of the systemic approach, as the notion of
system innovation remains among the top terms. Rather it reflects growing awareness that
the sub-national level (with smart specialization) and the supra-national level (with global
value chains and international cooperation) have become more important relative to the
national level. It is also explained by the emergence of substitute terms like system trans-
formation or knowledge triangle, which in certain respect reflect the NSI approach for par-
ticular applications—hence reducing the need to directly use the term NS/ but not signaling
the demise of the systemic approach role in the STI policy discourse.

Three policy concepts feature prominently among the terms that experienced high
growth in use: smart specialization, system innovation (or transformation), and the knowl-
edge triangle. These STI policy concepts are popular notably among the EU policy mak-
ers and have been subjects to dedicated WP TIP projects involving experts from European
countries and the European Commission. Smart specialization has been promoted by
the European Commission as an instrument for making innovation a driver of economic
growth at regional level. It is based on systemic principles, emphasizing the market and
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non-market connections between actors and between economic activities, and attempting
to leverage those linkages in order to support collective learning dynamics within regions.
As for smart specialization and system transformation, the WP TIP documentation analy-
sis demonstrates that these policy approaches are actively promoted by Nordic countries
which have triggered interest of others. Also based on systemic principles, they ambition
to leverage linkages in the NSI in order to diffuse innovations across the economy and
exploit dynamics that are nurtured in specific segments—the higher education system for
the knowledge triangle, or particular sectors like energy or transportation for the system
transformation.

Looking at the usual innovation policy features, the terms technology diffusion and
regional innovation policy have declined, while innovation policy has been kept at the top.
Like mentioned above, this reflects not only just a cosmetic change, but also a broadening
in the scope of innovation and innovation policies. Innovation is no longer seen as just
technology implementation, it concerns new ways of delivering services, new business
models and marketing strategies; social and environmental innovation have also become
focal areas of public policies and corporate strategies. Accordingly, innovation policies are
not conceived anymore as just targeting technology per se but all its environment, and they
have also to do with most aspects of the economy: education, competition, trade and so
on—in other words fechnology diffusion and technology foresight remain on the agenda
but mainly in the context of innovation. Having said this we mean that technology is seen
as a silo notion and innovation has determinants and impacts all across the economy and
society. This is further evidenced by the fact that most terms featuring the word “fechnol-
ogy” have declined in fact (technology transfer, technology diffusion, technology invest-
ment, etc.).

References to international cooperation have also significantly decreased, although
the phenomenon has grown in importance in the global economy. One prominent WP TIP
project addressed global value chains, which have to do with businesses: but most policy
projects have focused exclusively on the national and regional levels, and international
cooperation have seen its priority reduced on the WP TIP agenda. This is not a general
phenomenon in the field of policy analysis, but specific to this international expert group:
the growing role of the European Commission, which manages the largest program in the
world for international cooperation in R&D (the Framework Programme) could partly
explain that the WP TIP experienced a weaker involvement in this matter, in view of not
duplicating activities implemented elsewhere.

By contrast, some of the most prominent terms have remained at the top, reflecting sta-
bility in their importance and probably in their meaning, including public R&D and busi-
ness R&D. R&D tax credits diffused to more and more countries and increased their finan-
cial importance. As for public R&D and business R&D, these are central activities without
which no innovation policy can be conceived.

Figure 4 illustrates also the emergence of a more strategic and integrated way of design-
ing and implementing innovation policy: this is reflected in the rise of terms like innova-
tion strategy, priority setting, impact assessment. The WP TIP work played a central role in
the “OECD Innovation Strategy” that was published in 2010. This very much mirrored the
mainstreaming of innovation across all policy domains. The WP TIP devoted several pro-
jects over recent years to various aspects of impact assessment, a theme of growing interest
in countries where budgetary conditions command stronger surveillance of the efficiency
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of public spending. At the same time, the term technology foresight relatively declined,
possibly because of the recognition that innovation policy should be less focused on tech-
nology per se, even sometimes technology neutral (the “end of pipe” approach). This may
be changing with the 2020 COVID-19 pandemic crisis with concepts of technology resil-
ience appearing on the policy agenda although not shown in the analysis yet.

The terms service and software have moved outside the cutting-edge fields, probably
being replaced by digital economy terms, which are more adequately reflective of the
growing importance of the digital technologies in innovation matters. It is illustrated by the
fact that terms associated with new modes of knowledge sharing, linked with digitalization,
are on the rise: open innovation, open science, open data. The WP TIP has addressed the
digital transition through several projects over the years, focusing on its impact on science,
innovation and the economy.

New concerns of the 2010s gave birth to integrating such concepts as civil society (that
should be stronger involved in policy design and implementation), or green growth and
climate change (new structuring themes for policies), into the emerging global STI policy
agenda. The WP TIP implemented a study on green innovation in the late 2000s already
and has kept active in this area since then.

5 Discussion and conclusions

An important feature demonstrated by our analysis is the dominance of a systemic approach
to innovation; initially embodied into the NSI, later morphed into system transformation
and smart specialization. One can suspect that with the COVID-19 pandemic crisis, further
emphasis will be set on system transformation as narrower economic approaches are con-
sidered not to be paying enough attention to systems interdependencies and shocks.

A second feature is a permanent focus on industry-science relationships, under vari-
ous successive labels like the commercialization of public research, technology transfer,
knowledge transfer or more recently the knowledge triangle and co-creation.

A third feature, that is visible in the two first findings, is the adaptation of permanent
impactful themes to a changing context. The systemic approach experienced several ava-
tars as a response to new frameworks and new policy questions. Industry-science relation-
ships also experienced numerous repaints, marking its progressive broadening from a one-
way to a two-way exchange, from science and technology to all sorts of knowledge, from
a specific higher education strategy to a transformative force at the core of the innova-
tion economy (with the knowledge triangle). Hence, if changes in terms sometimes have a
cosmetic (fashion) aspect, they can also convey information on actual conceptual changes.
A well-developed methodology for evaluating terms, including expert validation of the
results obtained, makes it possible to differentiate cosmetic changes in STI policy from
really significant policy transformations, which makes the presented results reliable for fur-
ther use by decision makers.

A fourth feature is the emergence of new policy demand and the embrace of new frame-
works: societal involvement in innovation policy, climate and environmental matters, more
recently digitalization. The WP TIP developed specific analyses after the financial crisis of
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2008, looking at the analytical knowledge and historical record regarding the impact of the
economic cycle on innovation.

Overall, these results are partial but encouraging for the potential of semantic analysis
in studying STI policy. The analysis presented above suggests already that the WP TIP
themes are largely reflective of the status of nearly three-decade long discussions in the
global innovation policy community at large, both in terms of issues to be addressed and in
terms of conceptual frameworks to rely upon. Since the corpus of analysis is limited by the
WP TIP documents results need to be understood explorative thus not fully representative
and generalizable. Therefore a next step could be to apply semantic techniques to a broader
corpus of innovation policy related documents, including for instance other OECD bodies,
also non-OECD international and national agencies, and academic literature. A promis-
ing area to discover is the comparison of policy and academic narratives for STI. That
would allow drawing a broader and deeper picture of the debates in the STI policy arena
over the past decades, hence identifying a gap between the academic world and policymak-
ing practices for the sake of both communities. It can be assumed that there is a time lag
between the academic discussion and the uptake of themes in the policy arena whereas the
themes as such do not differ substantially. This is explained by the fact the WP TIP like
most other international Working Groups or Committees are frequently inviting academics
to their meetings to get fresh inputs from the academic world or involve academics in the
preparation of scoping documents. Publications of these groups often include a substan-
tial information on countries national (federal and regional) STI policies which are used
by academics for further analysis thereby influencing the academic discourse. For exam-
ple, OECD publishes the biannual STI Outlook which is a standard widely accepted pub-
lication including a collection of recent national STI policies information in a structured
way, which makes them more comparable across countries. It is notably the aim of the
OECD STIP Compass, which is a companion database made in cooperation with the Euro-
pean Commission. Since countries, namely national / federal ministries, provide informa-
tion first hand for these publications and databases, policymakers somewhat influence the
stream of academic research that uses this information. Thus, there is a close connection
between policymakers and the academic community which in turn makes it little surpris-
ing that the main themes of STI policy remain similar over the period analyzed. A major
input from academia to policymaking appeared with the NSI as an analytical concept at
the last decade of the twentieth century and the following focus on STI policy instruments
under the NSI framework. Until recently a strong orientation of academic STI policy stud-
ies towards the institutional framework and linkages inside the framework is observed.

Appendix

See Table 1.
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