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ARTICLE INFO ABSTRACT
Keywords: The paper aims to state the research protocol for the innovation-seeking behavior of Small- to
Innovation Medium-sized Enterprises (SMEs), related to the classification of knowledge needs expressed in

Knowledge sharing

Natural language processing
Networking

Open innovation

Small- to medium-sized enterprises

the networking databases. The dataset of 9301 networking offers as the outcome of proactive
attitudes represents the content of the Enterprise Europe Network (EEN) database. The data set
has been semi-automatically obtained using the rvest R package, and then analyzed using static
word embedding neural network architecture: Continuous Bag-of-Words (CBoW), predictive
model Skip-Gram, and Global Vectors for Word Representation (GloVe) considered the state-of-
the-art models, to create topic-specific lexicons. The proportion of offers labeled as Exploitative
innovation to Explorative innovation is balanced with a 51%-49% proportion. The prediction
rates show good performance with an AUC score of 0.887, and the prediction rates for exploratory
innovation 0.878 and explorative innovation 0.857. The performance of predictions with the
frequency-inverse document frequency (TF-IDF) technique shows that the research protocol is
sufficient to categorize the innovation-seeking behavior of SMEs using static word embedding
based on the description of knowledge needs and text classification, but it is not perfect due to the
general entropy related to the outcome of networking. In the context of networking, SMEs place a
greater emphasis on explorative innovation in their innovation-seeking behavior. They prioritize
smart technologies and global business cooperation, whereas current information technologies
and software are more of interest to SMEs that adopt an exploitative innovation approach.

1. Introduction

While observing the growing interest in the issues of digital transformation of enterprises nowadays, it is worth noting that the
internet has been, for many years, the principal digital environment in which many small- to medium-sized enterprises (SMEs) have
sought information, as it offers ‘less expensive access to markets and information on the competition, the economy, and its envi-
ronment’ [1]. However, what distinguishes current business digital communication on the internet is how the present discourse on the
digitization of business processes particularly emphasizes the importance of inter-organizational relationships based on knowledge
(not necessarily human, also superficially created by machines) that are increasingly necessary to achieve business success [2].

In companies, when individuals organize knowledge management, they may identify gaps in their knowledge and initiate a
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response, which can take the form of human behaviors and innovation-centered processes [3]. These processes involve seeking
external ideas to drive positive and successful innovation and fill the knowledge gaps within the company [4]. This outward-oriented
process of seeking new knowledge and ideas is referred to as innovation-seeking behavior or simply innovation-seeking in this paper. It
is conceptualized as a form of information-seeking behavior, drawing also from the concept of open innovation [5]. Open innovation
refers to the strategy of seeking information through collaboration and partnerships with other organizations, institutions, and experts,
which companies adopt when they are aware of their limitations [6].

Entrepreneurship involves recognizing and developing innovative opportunities, which requires openness to new ideas and
technologies [7]. To remain competitive, entrepreneurs must constantly seek out knowledge and solutions to innovate as a company
[8]. The behavior of seeking innovation involves exploring new ideas and taking new collaborative approaches with experts, in-
stitutions, and organizations [9-11]. In other words, innovation-seeking stems from being aware of the value of innovation in local and
global networks [12]. By keeping an open mind and actively seeking out new information and resources, entrepreneurs can capitalize
on innovative opportunities to create successful new products, services, or business models, ultimately determining their success in the
fast-paced world of entrepreneurship [13,14].

However, it can be challenging to identify relevant information in the vast amounts of data available, especially in the narrow
contexts of different types of innovations in various fields. Misinterpretation and misclassification of an information could lead to the
omission of potentially valuable entrepreneurship opportunity [15]. That is why supporting the process of seeking innovation through
Natural Language Processing (NLP) is important. Natural Language Processing (NLP) can assist entrepreneurs in analyzing and
classifying vast amounts of information to identify relevant insights and opportunities. NLP techniques, such as sentiment analysis and
text classification, allow for extracting subjective information from language. Additionally, topic modeling enables entrepreneurs to
discover abstract topics in a collection of documents or databases [16]. Using Natural Language Processing (NLP) in information
management means that conventional machine learning algorithms, unique NLP methods, and deep learning algorithms are employed
to extract big data information and understand documents that are stored in extensive collections. Ultimately, this techniques can
significantly enhance the efficiency and accuracy of work [17]. Overall, NLP can be a powerful tool for entrepreneurs to make sense of
complex and diverse data sources and facilitate innovation-seeking.

This paper aims to provide an outline of the idea of innovation-seeking behavior and a method to study it at an inter-company level
through SMEs’ knowledge needs, expressed in networking databases such as the Enterprise Europe Network (EEN). Based on these
concepts, it is possible to formulate a research protocol for exploring the content of the innovation-seeking proposals available in the
EEN database by using deep learning techniques to recognize and classify the types of innovation sought. In doing so, the paper will
contribute to the area of work-related information-seeking behavior by defining innovation as a specific type of knowledge and
proposing a natural language processing (NLP) method to study it in an empirical setting. The paper focuses on the following research
questions:

1. RQ 1: How to effectively diagnose and categorize massively expressed knowledge needs among companies seeking innovation in
networking?

2. RQ 2: What categories of innovation are SMEs likely to seek using a networking database?

In the scope of these two research questions, we make the following contributions:

We propose a theoretical framework of innovation-seeking behavior related to knowledge needs in the networking of SMEs that
was then operationalized using the word embedding technique for the text classification of networking offers.

Based on the idea that the protocol should be suited for the general use of the biggest networking database, the Enterprise European
Network, we compile a code in R language to use simple, most accessible methods for data gathering and word embedding, using
static state-of-the-art (SOTA) models (Word2Vec and GloVe) and the TF-IDF technique for baseline comparison.

We establish a protocol for the categorization of innovation-seeking behavior in networking offers and performance measurement
of text classification with the k-nearest-neighbors technique and TF-IDF normalization.

The research protocol and code published on the osf.io platform are suitable for practitioners focused on content analysis and
business scanning for new networking opportunities with a specific approach to innovation.

2. Literature review

A two-part literature review was incorporated to answer fundamental questions regarding our research goal: “What types of
innovation can be incorporated into NLP text classification to support innovation-seeking?”, “What is the core idea behind innovation-
seeking that establishes cooperation and partnership in networking?”, and “How networking can be captured through NLP techniques
to forecast different innovation-seeking behavior?”. The first part was a general literature review, which, according to Grant and Booth
(2009), should be performed to capture the most recent or current literature and provide a general topic overview related to our goal
[18]. This was necessary because a systematic review did not return any significant results in a search query. The second stage focused
on supplementing this overview with a rapid review [18], which was systemized using the CIMO (Context, Intervention, Mechanism,
Outcomes) search framework [19]. NLP methodology was omitted in the query as the literature in this regard was captured in the first
stage and was very limited.

The query was introduced to the advanced search in Scopus database and structured as follows: (“SME” OR “SMEs”) AND ((“seeking
" AND " innovation”) OR “knowledge” OR “R&D”) AND (“networking” OR “Enterprise Europe Network™) AND (“cooperation” OR
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“opportunity recognition” OR “partnership”). After narrowing the search strategy chronologically to publications from 2011 and by
English language only, the search query returned 32 publications. After screening and rejecting irrelevant publications to our topic,
only 24 publications were left after two steps of literature review [10,14,20-43].

2.1. Types of innovation and SME needs

If we define knowledge as a learning outcome that includes acquiring useful information and work-related experience, as well as
improving effectiveness and achieving common understanding of success, goals, and efficacy [20], innovation can be defined as
“knowledge of the future actions that have been not yet observed” [21]. Knowledge is a combination of experiences, values, and
information, as well as expert insights into one’s own developments and deficiencies that motivate the search for new experiences and
information [22]. Once a knowledge gap is identified, the way the unknown innovation will be understood in each organization will
depend on its current state of knowledge, rather than the entropy of future actions. Therefore, a person with knowledge needs can
define their knowledge gap through a seeking act that forecasts the need for innovation in the context of the knowledge-seeking
process - by describing the new knowledge need, rather than innovation itself. This is because innovation is the result of devel-
oping a system of meanings, and the system is not yet ready to classify it because the relevant word clusters do not exist (for the entity,
but they can exist in general). Therefore, the most similar applicable category is typically used to classify gaps in current knowledge
[21].

In the context of work-related information behavior, the most rational typology that can be embedded in knowledge-based activity
is the one operationalized in the study by Ahmad, Huvila, and Widén (2020). They studied the relationship between the information
literacy of CEOs and exploratory and exploitative innovation in SMEs. Exploratory innovation departs from existing practices, systems,
and markets. It could be the implementation of new solutions and technology that could lead to the entrance into new markets. This is a
process where proactive behavior in innovation-seeking is particularly valuable. Exploitative innovation is more incremental and
focused on adding value to the current state of companies’ development. It brings efficiency into existing practices, enriches current
organizational knowledge, and strengthens current processes and structures within a company [23].

Caterina Muzzi and Sergio Albertini (2015) have studied what kinds of competencies are required to support the ability to exploit
new knowledge. They show that “prior experience is not inherently necessary to invest in new knowledge domains” [24], so obser-
vation of people’s behavior as such could be just partially effective while diagnosing innovation-seeking behavior. However, the
approach to using new knowledge can be considered as a construct to signify and express the knowledge gaps and knowledge needs
related to exploitative and exploratory innovation. In the context of organizational behavior, Esteve Almirall and Ramon
Casadesus-Masanell [25] described issues of discovery and divergence as opposite attributes of an open approach to innovation that
might bring balance between exploratory and exploitative innovation in the innovation-seeking behavior of SMEs (Fig. 1).

Divergence occurs when the seeker loses the freedom to establish the technological or systemic capabilities of the internal envi-
ronment. This loss of control can be costly as it accumulates while operating under knowledge gaps that could not have been avoided
through the exploitation of one’s resources. Divergence brings balance to exploratory and exploitative innovation goals since, in
general, the knowledge needs of a partner company and the knowledge gap of a seeker will not be perfectly synchronized (Fig. 1). In
such cases, balance is achieved through the discovery of knowledge that needs to be presented in an external environment network.
Since suppliers or complementors are generally engaged in product development paths that are different from those presented by the
seeker, partners are likely to innovate in ways that the network and seekers have not yet chosen by following their own knowledge
needs. Therefore, exploring knowledge needs in a network may enable the seeker to discover new combinations of knowledge in the
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Fig. 1. Identifying the types of innovation-seeking behaviors in networking.
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network that would otherwise be difficult to identify through the exploitation of internal gaps [25].

To find both exploratory and exploitative innovation, balance is required between the benefits of new knowledge combinations and
the costs of internal coordination related to divergent objectives and cognitive schemas of the two parties in network communication
[10,26,27]. Innovation-seeking behavior will be driven by the need to combine “old” knowledge with new knowledge outside the
organization where the seeker operates [28]. That is why innovation-seeking behavior will lead to a mix of discovery and divergence in
networking, towards both exploitative and explorative innovation. Networks provide SMEs with access to social resources that
encourage both exploration and exploitation activities [27]. In our case, the EEN database will also provide a description of knowledge
needs related to these resources.

2.2. Seeking innovation

Due to the aforementioned attributes of innovation-seeking, the search for innovation faces natural barriers based on the cognitive
distance between the parties involved in the innovation process (i.e., seeker and partner) [14]. Networking can bridge this distance by
requiring parties interested in innovation to express and describe what they can and cannot do, thus identifying the gap they want to
fill based on their current knowledge. However, divergent needs and patterns of innovation can create complexity in network in-
teractions [26]. Najda-Janoszka and Kopera (2014) discussed barriers in processes similar to innovation-seeking and concluded that
most SMEs do not suffer from a lack of new ideas, but rather from the complexity of translating those ideas into comprehensive in-
novations [29]. Therefore, prior related knowledge is essential for catalyzing both exploratory and exploitative innovation, but only if
combined with external knowledge that is at a larger cognitive distance to potential partner [28]. In innovation-seeking behavior, this
issue arises in the transition from a knowledge gap to a knowledge need that must be expressed during networking, which precedes
cooperation and the creation of innovations of a given type.

In a study analyzing search strategies in innovation-seeking of SMEs, Kim et al. (2020) identified a possible issue that SMEs
encounter when transitioning from being aware of the knowledge gap to taking action in the search for new knowledge needs. They
defined two dimensions of dealing with this problem as balanced and unbalanced search strategies related to internal and external
knowledge sources. The study found that pursuing a balanced knowledge search strategy can lead to the improvement of innovation
performance, while a one-sided, unbalanced strategy can weaken a firm’s competitive position. The study also found a positive as-
sociation between organizational ambidexterity and performance, as well as an external-oriented, balanced search strategy [30].
Overall, the issue that is also addressed by our research protocol is that external orientations in networking with a balanced search
strategy can minimize institutional distances between SMEs from different regions and business sectors. Supporting this process is now
crucial for effective networking scanning [31].

Almirall and Casadesus-Masanell (2010) have pointed out a methodological limitation of their research on networking resulting
from the lack of inclusion of all community members and from the fact that, over time, the network focused on innovation shows a very
dynamic composition [25]. It is necessary to observe the outcome of network activity, e.g., in a selected networking database, where
organizations can actively seek innovation by describing the state and gaps in their knowledge. Therefore, the language patterns
describing their needs for new knowledge are the basic two vectors that will indicate their focus on explorative and exploitative
innovation.

In order to support innovation-seeking in networking databases using text classification protocols, we should align our word
vectors regarding networking with concepts that also aim to minimize the different tensions that companies encounter during the
search for innovation opportunities, such as internal and external push and pull motives related to divergent needs of SMEs, which
Urbaniec and Zur (2021) described similarly in the context of corporate accelerators. Exploratory innovation-seeking is connected to
external push and pull factors, such as new technology development or global collaboration, and exploring new markets or demand
transitions. Exploitative innovation-seeking is connected to internal push and pull factors, which covers a range of issues related to
efficiency and excellence, limited innovation and internal R&D, providing new information, as well as knowledge acquisition in the
form of hiring new talents, organizational learning, new practices, systems, and frameworks [32].

2.3. Networking

Networking refers to a business or R&D network that involves inter-organizational collaborations aimed at innovation and value
creation. Its objective is to connect organizations with different assets and competencies, making them more informed, knowledgeable,
and responsive to new opportunities [33,34]. According to Jansen, Van Den Bosch, and Volberda’s [35] concept of innovation, the key
to defining innovation is the cognitive distance from current work practices (competencies), products, customers, and markets, which
are mostly assets. The goal of networking is to reduce this distance, both in terms of exploitative and exploratory innovation [24].
Exploitative innovation is strongly associated with current knowledge and focuses on filling knowledge gaps. Therefore, any infor-
mation resource supporting networking should contain a lexicon of words that accurately describes the exploitative-oriented cluster of
knowledge gaps found in any networking database. On the other hand, networking databases are designed to create new value in
companies by allowing them to explore new technological possibilities and search for innovations through knowledge needs that can
change their environment.

Cooperation and partnerships form the basis for the development of enterprise networking, which is a key element in innovation-
seeking. The development of innovation in SMEs is difficult due to the lack of financial resources, the limited opportunities to hire
experts, and the general small innovation portfolio in this sector of the economy [24]. Developing the innovation capacity of small
businesses requires the participation of other organizations in the knowledge development process. It may also be necessary to include
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outsiders in R&D initiatives and to involve other organizations in the implementation of innovations [33]. The significance of our study
lies in supporting the process of seeking innovation, which can benefit from the exploitation and categorization of networking
channels, such as the Enterprise Europe Network (EEN). The networking database enables SMEs to seek partnerships by posting open
invitations for collaboration, thus supports creation of a language corpus that can be analyzed by NLP algorithms to generate word
vectors that describe the two types of innovation-seeking behavior defined in our research protocol.

3. Related work

Advanced machine learning and NLP methods are rarely used to identify the behaviors and knowledge needs of companies seeking
innovation. No studies so far have focused on the use of NLP to identify the innovation-seeking that results from networking initiatives.

3.1. Word embedding and language of innovation

Word vectorization for text classification is a highly desirable area of research, where the reproducibility and applicability of the
research framework are crucial, especially in topic- specific sentiment lexicon embeddings related to our research. According to Song
et al. [36], unsupervised word embeddings are generally useful, but they may be inadequate for task-specific sentiment lexicon em-
beddings. The main drawback is the lack of supervision between a word and its associated contexts [37].

The unsupervised nature of word embeddings is a significant disadvantage, but it actually benefits our research protocol focused on
networking and innovation. This is because the knowledge needs in this context don’t have a simple polarity between exploratory and
exploitative innovation, which means we don’t need to apply an objective function to optimize word vector sentiment labels [38,39].
While external input knowledge may improve category prediction, we aim to keep the research protocol as simple as possible. En-
hancements can be left for future projects and implications of this study within the context of networking and R&D innovation
processes.

3.2. Static word embedding models in the context of innovation

The studies most related to our goal have mostly focused on product innovation and user reviews [40], technological opportunities
and user needs [41], and the language of innovation in technological patent descriptions [21], as well as patent semantic analysis [42,
43]. Although Natural Language Processing (NLP) provides direct evidence of innovation-seeking, it has its limitations due to the lack
of proximity to the people creating these offers. Analytical techniques like classification, topic modeling, and text classification are
commonly used in research to identify themes, similarities, and differences between documents and the topic orientation of texts [17].
However, this still leaves a gap for exploration regarding the semantics of innovation in companies.

4. Methodology

In this paper, we do not want to develop a new deep learning-based model or model augmentation, but to present a protocol for the
use of well-proven SOTA models for a new research goal, in a previously not considered context of networking database content. The
proposed framework includes three stages.

- Firstly, we want to perform a semi-automated data gathering using a web scraping technique in the publicly accessible database —
Enterprise European Network maintained by the European Commission.

- Secondly, we have used the static word embedding techniques to transform the EEN database vocabulary into dense vectors of real
numbers in the language corpus from which we want to develop topic-specific lexicons to understand networking in the context of
two types of innovation-seeking behavior.

= Thirdly, by conducting lexicon wordcount on sample offers from the EEN database it was possible to categorize and label their
content, respectively, to each of the two innovation-seeking behaviors. In this step, we want to evaluate our categorization with the
machine learning k-nearest neighbors classification technique and compare the prediction performance of each lexicon using the
TF-IDF technique for baseline comparison.

4.1. Research protocol

The proposed research protocol aims to utilize NLP algorithms to analyze and classify the content of the networking database based
on the binary innovation division of exploratory and exploitative innovation. Machine learning will be used to evaluate the classifi-
cation performance, based on how accurately the predictions of innovation-seeking behavior can be made [44].

Our research procedure is designed to provide us with the material needed to answer the following detailed questions related to RQ
2:

- RQ 2a: What is the proportion of word counts in the EEN offers that represent the two orientations of innovation-seeking behavior,
i.e., exploratory and exploitative innovation?
- RQ 2b: Which type of innovation is emphasized more in the EEN networking database?
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= RQ 2c: What is the precision of the prediction of each type of innovation, and which type can be predicted more accurately based on
the content of the EEN database?
- RQ 2d: What are the differences in the subject matter of the offers classified as exploratory vs. exploitative innovation?

4.1.1. Enterprise European Network

To begin, we selected content related to innovation-seeking in networking, using the EEN database. This initiative by the European
Commission aims to help companies innovate and expand their reach globally. The offers published on the platform are intended to
facilitate knowledge transfer between organizations, allowing them to manufacture products more effectively, access new markets
more easily, find the technology they need to drive innovation faster, and collaborate more openly in research and development
projects. From the perspective of our research agenda, the EEN database is a valuable source of information, with about 3.5-5.5
thousand equally structured networking offers being published by companies on an ongoing basis. The content of these offers varies
over time, as no archive is available, but they all pertain to buying, selling, teaching/learning, implementing, and collaborating (in
R&D projects), all in the context of exploiting new knowledge within the network. The database contains a wealth of information that
describes the knowledge needs of many SMEs, as well as the outcomes of their innovation-seeking behavior.

4.1.2. Data collection

We use the rvest package in R language to take data from the EEN database [45] and the word2vec and text2vec packages to perform
word embeddings [46,47]. Our code obtained text data from 9301 networking offers through CSS nodes in the EEN database (https://
een.ec.europa.eu/partners). We aim to collect as many offers as possible to gain the best representation of SMEs’ needs, so we do not
apply any filters at this stage. However, during the data analysis phase, we establish a selection criteria to include only those offers with
high saturation of words from automatically created lexicons.

4.1.3. Networking dataset

Two datasets were used during the two stages of the study. In the first quarter of 2021, we gathered 5635 offers from the Enterprise
European Network database and created a topic-specific corpus with 95,110 sentences and 11,270 unique words. In the second stage, a
year later, we collected additional 3666 offers and added them to create a corpus of 9301 networking offers, 157,133 sentences, and
18,602 unique words related to networking. We collected additional offers and conducted the second stage of the study because the
first corpus was too small to achieve fully satisfactory results. Based on that corpus, we used static word embedding models described
below to create topic-specific lexicons that are part of our dataset used in text classification.

The entire procedure for obtaining data, developing lexicons, and performing text classification in the R language was included in
the project on the OSF platform: https://osf.io/qa5rm/.

4.1.4. Static embedding models

Choosing between static and dynamic embedding models is a key issue in addressing content related to networking and innovation-
seeking [48]. Networking, as a form of behavior among SMEs, focuses on finding partners, and has a consistent goal despite the many
different industries that initiate business contacts in such networks. The approach to innovation and the search for knowledge is not
polarized, but rather a mixture of behaviors, and the dominance of one behavior would be the basis for categorization. Therefore,
partial overlapping of lexicons is not a problem. As a result, static word embedding models are sufficient for recognizing the type of
behavior related to the innovative approach of SMEs, and categorization may present the general nature of the knowledge need
depending on the behavior.

4.1.5. Text classification

Topic-specific text classification is a well-known and commonly used method of content analysis. It includes various methods that
allow researchers to determine the polarity of a sequence of words in a text based on its lexical corpus. For example, positive versus
negative orientations in sentiment analysis, or topic-specific dictionaries such as populism versus liberalism orientations [49].

In our study, we use exploratory versus exploitative innovation as labels to categorize each networking offer and create an output of
our lexicon-based text classification. To do this, we employ three common unsupervised static word embedding algorithms to build
simple topic-specific binomial lexicons containing words associated with the two types of innovation in our framework. This method is
applicable only to the EEN database.

Based on the literature review, we have selected three state-of-the-art models: CBOW and Skip Gram from the Word2Vec toolbox
[46,50] and GloVe [51]. The Skip-Gram and Continuous Bag-of-Words (CBoW) models are neural networks trained to predict the
distributional embedding of dense word vectors. CBoW is a type of neural network that predicts the probability distribution of words in
a context given by a surrounding word window. It is used specifically in the field of word embedding to predict a target word based on
the context of the surrounding words. It takes a sequence of words as input and produces a single word as output. Skip-gram, on the
other hand, is another neural network architecture used for generating word embeddings. Unlike the CBoW model, Skip-gram is a
predictive model that takes a target word and tries to predict the surrounding context words. It can be trained on large amounts of text
data to maximize the probability of observing the context words within a fixed-size window around the target word [46,50].

The GloVe model can be used to calculate the co-occurrence matrix for key phrases. GloVe uses co-occurrence statistics of words in
a large corpus of text to create word embeddings that capture semantic relationships between words. Global Vectors (GloVe) analysis is
related to the Word2Vec method of Mikolov et al. [50] and the factorization of word co-occurrence matrices [51]. In Word2Vec, the
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vectors are derived from a classification task that relies on contextual word co-occurrences. The GloVe model, on the other hand, is
trained on general co-occurrence statistics.

The deep learning networks using the above-mentioned models were used to obtain associations of vocabulary in the EEN lexical
corpus with their typical contexts and symbolic aspects of language related to exploratory and exploitative innovations (two language
clusters). The final step was to use an R script to sort the 200, 400, and 600 words that are most related to terms for exploratory
innovation and exploitative innovation. Based on the scoping review of the innovation context, we separated exploratory innovation
by creating word vectors for the terms: innovation, knowledge, explore, develop, create, design, technology, new market, external,
-exploit, and exploitative innovation with terms: innovation, information, exploit, change, acquire, know-how, process, system, in-
ternal, and -explore. We used cosine similarity as the most widely used metric to calculate semantic similarities between word em-
beddings [48]. The results of these transformations are 18 lexicons separated by three algorithms, three levels of word numbers, and
two types of innovation-seeking behavior (Fig. 2).

Through text classification, we were able to identify words related to two types of innovation, and using the z-score method, we
assigned scores to each offer based on their innovation type [52]. The z-scores of each document statistic indicate which type of
innovation-seeking behavior, either exploratory or exploitative, is closer to the mean value of the word count in the sample. To assess
the accuracy of this categorization, we used nonparametric statistics and the k-nearest classification techniques [53].

In order to evaluate and compare the results of text classification across each lexicon, we conducted a baseline comparison using the
term frequency-inverse document frequency (TF-IDF) technique. TF-IDF has previously been used effectively as a feature extraction
technique for generating a set of feature vectors for baseline comparison [54]. This technique reflects the importance of a word to a
document in a collection or corpus of documents. TF-IDF increases the weight of terms that are specific to a single document and
decreases the weight of terms used in most documents, making it widely used in sentiment analysis [55]. It is suitable for creating a

performgnce

Fig. 2. Research protocol.
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benchmark for feature representation methods that can compare the prediction performance of our data model for each text classi-
fication output, which results in a labeled dataset.

4.2. Analysis

To begin the analysis, we first identified outliers - observations (i.e., offers) that were insufficiently saturated with the lexicon under
study. This was necessary because we recognized that, in some cases, networking may not necessarily focus on innovation but rather on
the need to purchase new products. Therefore, if the text classification showed a small proportion of innovation lexicon saturation,
then these offers would not be relevant for exploration and exploitation innovation classifications as we and the algorithm understand
them. The resulting test sample consisted of 3770 unique offers published in the EEN database (n = 3770).

4.2.1. Nonparametric statistics analysis

The second step involved comparing the median word count values in each lexicon for the selected sample, as shown in Table 1.
Overall, the word count for exploitative innovation was found to be approximately 20-30% higher than that for explorative inno-
vation. Specifically, for the 200-word lexicons based on the Skip Gram, Bag of Words, and GloVe algorithms, the number of words
returned for explorative innovation were 48, 80, and 66, respectively, while the numbers for exploitative innovation were 33, 46, and
46, respectively. For the 400-word lexicons, the Skip Gram, Bag of Words, and GloVe algorithms returned 105, 121, and 131 words for
explorative innovation, and 78, 82, and 99 words for exploitative innovation, respectively. Lastly, for the 600-word lexicons, the Skip
Gram, Bag of Words, and GloVe algorithms returned 126, 159, and 158 words for explorative innovation, and 69, 119, and 149 words
for exploitative innovation, respectively.

The second step of our analysis aimed to evaluate the effectiveness of the z-score-based classification in text labeling for each
lexicon used. We used the paired sample nonparametric Mann-Whitney U test to compare the proportions of each innovation type
identified by the classification (Table 2). Nonparametric tests are commonly used to evaluate continuous variables from NLP text
classification because they often have nonparametric distributions, issues with equality of variances, and potential outliers [56]. Our
research question 2a is linked to the main alternative hypothesis of this test, which is that the two samples are not equal [57,58]. If the
p-value of the test is very low, we can suspect that the difference in metric is not random [59].

We used the Mann-Whitney U Test to initially compare the performance of Skip Gram, CBoW, and GloVe algorithms in lexicon-
based text classification and determine if there were significant differences in word counts between the categories of innovation.
Our results showed that explorative innovation had a statistically significantly higher median word count than exploitative innovation.
Furthermore, the independent sample U Test confirmed that exploitative innovation was always represented by a statistically
significantly lower median word count than explorative innovation (p < 0.001).

Our analysis aims to demonstrate the validity and accuracy of our predictions regarding different types of innovation in EEN offers,
using a trained algorithm in text classification (Table 3). We evaluated the separation accuracy of each lexicon using the procedure
developed by Alexander Ly and Koen Derks [60], and found that the accuracy is consistently high (AUC >0.94). However, this
evaluation only measures the accuracy of our automated categorization, based on output labels from our dataset. We don’t have
information about the actual networking results, but since our classification is well-balanced in terms of innovation types, AUC is an
appropriate evaluation metric.

To make predictions, we used the TF-IDF normalization technique on the entire dataset, with a 20% test set indicator (n; = 1127;
ny = 1860) and 80% training set (n; = 4508; np = 7441) (Table 3). In the first stage, CBoW and GloVe algorithm-based lexicons
performed well (AUC > 0.850). Skip Gram lexicons showed the biggest difference in accuracy of classification for distinguishing
between Exploratory and Exploitative innovation, while there was no significant difference in CBoW lexicons (CBoW 400).

Table 1
Descriptive statistics for text classification.
N Median Mean SD SE
5g200.explorative 3770 48 52.238 22.791 0.371
5g200.exploitative 3770 33 37.825 21.597 0.352
sg400.explorative 3770 105 114.849 47.419 0.772
5g400.exploitative 3770 78 86.506 38.502 0.627
5g600.explorative 3770 126 134.778 49.258 0.802
5g600.exploitative 3770 69 78.055 39.236 0.639
cbow200.explorative 3770 80 84.691 29.524 0.481
cbow200.exploitative 3770 46 49.160 18.091 0.295
cbow400.explorative 3770 121 127.030 41.277 0.672
cbow400.exploitative 3770 82 87.326 31.137 0.507
cbow600.explorative 3770 158.5 167.430 56.590 0.922
cbow600.exploitative 3770 119 127.125 46.839 0.763
glove200.explorative 3770 66 69.856 26.152 0.426
glove200.exploitative 3770 46 49.160 18.091 0.295
glove400.explorative 3770 131 138.789 45.487 0.741
glove400.exploitative 3770 99 105.719 39.019 0.635
glove600.explorative 3770 158 166.920 55.117 0.898
glove600.exploitative 3770 149 159.106 54.715 0.891
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Table 2
Independent samples Mann-Whitney U test in Text classification.

95% CI for Rank-Biserial

Correlation
w P Rank-Biserial Correlation = Lower Upper Group N Mean SD SE
SkipGram200  842512.000 <.001 —0.524 —0.551 —0.497 Exploitative 1779  36.559 14.970 0.355
Explorative 1991 49.673 16.166 0.362
SkipGram400  846212.000 <.001 —0.523 —-0.549 —0.496 Exploitative 1963 82.423 33.464 0.755
Explorative 1807  118.806  45.792 1.077
SkipGram600  339296.000 <.001 —0.809 —0.821 —0.796 Exploitative 1811 74.369 33.596 0.789
Explorative 1959 136.810  42.900 0.969
CBoW200 168829.500 < .001 —0.905 —0.911 —0.898 Exploitative 2006  45.733 14.796  0.330
Explorative 1764 86.200 22.320 0.531
CBoW400 463856.000 <.001 —0.739 —0.755 —-0.722 Exploitative 1910 83.548 27.667 0.633
Explorative 1860  129.165  35.028 0.812
CBoW600 854740.000 <.001 —0.519 —0.545 —0.491 Exploitative 1879  125.284  42.432 0.979
Explorative 1891 166.818 49.733 1.144
Glove200 345077.000 <.001 —0.804 —-0.817 -0.791 Exploitative 2059  45.133 14.004 0.309
Explorative 1711 71.243 17.802 0.430
GloVe400 764886.500 <.001 —0.569 —0.593 —0.543 Exploitative 1957 102.774 34.506 0.780
Explorative 1813 140.065 40.260 0.946
GloVe600 1.635e+6 <.001 —0.079 —-0.116 —0.042 Exploitative 1845  158.748  50.975 1.187

Explorative 1925 165.209  49.667 1.132

Note. For the Mann-Whitney test, the effect size is given by the rank biserial correlation.

Note. Mann-Whitney U test.

Very good separation was observed in the case of CBoW 200 words lexicons with 81% of the observations confirming a statistically significant
difference in word count between the two types of innovation to the benefit of Explorative innovation (n = 1764, Mdn = 81, X = 86.2, SE = 0.531).
Also good separation was observed in case of Skip Gram 600 words lexicon (n = 1959, Mdn = 127, X = 136.81, SE = 0.969), CBoW 400 words lexicon
(n = 1860, Mdn = 122, X = 129.165, SE = 0.812), and GloVe 200 words lexicon (n = 1711, Mdn = 68, X = 71.243, SE = 0.43).

Overall, our experiment with a sample of 9301 offers showed significant improvement in all measures, with the best performance
shown by CBoW-based and GloVe-based lexicons. While the GloVe400-based categorization had a slightly better AUC score (0.888 vs.
0.851), the CBoW400 categorization had the highest F1 score (0.851 vs. 0.774), which could be important when dealing with
imbalanced data in the future. Using CBoW and GloVe algorithm-based lexicons, we achieved precision rates of 89% and 88% for
Exploitative innovation, and 86% and 81% for Explorative innovation, respectively.

5. Results

Based on the qualitative analysis of the ROC curves (Fig. 3) and the prediction performance evaluation metric above (Table 3), it is
the CBoW-based lexicons that have shown slightly better performance in predicting the type of innovation in the EEN labeled dataset.
Regarding RQ 2, massively expressed needs for innovation and the different categories of innovation-seeking behavior can be very
effectively identified by using machine learning and text classification techniques.

Regarding RQ 2b, looking at the proportion of words in binary innovation classification concerning the total word count in each
offer (Fig. 4) by using the CBoW 400 lexicon, we can measure an average of 25% share of Explorative innovation to 17% share of
Exploitative innovation. The median value of innovation word count that is the most similar to the median score of the 18 classification
lexicons used can be observed using 400 words of CBoW-based lexicons (Fig. 4; Explorative = 122|112; Exploitative 79|78.5).

It’s important to note the topic differences between EEN offers oriented towards Exploratory and Exploitative innovation (Table 4),
considering that the general word count in the case of Exploratory innovation is approximately 20-30% higher than that of
Exploitative innovation. Additionally, the overall share of innovation-related words is also around 7% higher for Exploratory inno-
vation. Although both types of innovation share topics related to certain industries and services, which may be due to the specificity of
the EEN base and its popularity in some market sectors, clear differences indicate a changing concentration of SMEs towards the use of
the latest technologies and a focus on international innovation-seeking.

In relation to RQ 2d, our analysis of primary word combinations ranked from 1 to 20 based on word counts in our datasets reveals
that the first three positions in rankings are similar for documents classified as related to Exploratory innovation and Exploitative
innovation. However, there are significant differences between the two types of innovation beyond the top five ranking positions.
These differences are mainly related to the orientation towards seeking international business partners and activities in information
technology and computer-related consultancy. Specifically, SMEs seeking exploratory innovation are more focused on international
business partnerships, while SMEs seeking exploitative innovation are more focused on solutions and consulting related to information
technology (Table 4).
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Table 3
Prediction performance using K-nearest neighbors and TF-IDF algorithms.
Lexicon Nearest- n n n Validation F1 Test AUC Precision rate based on the
neighbors (Train) (Validation) (Test) Accuracy Accuracy confusion matrix

Exploitative ~ Explorative

SkipGram200 40 2404 602 758 0.978 0.975 0.998 0.978 0.973
* 0.656 0.706 0.704 0.584
i 0.756 0.862  0.621 0.760
SkipGram400 17 1611 403 504 0.945 0.938 0.983 0.936 0.942
* 0.538 0.531 0.588 0.412
w* 0.754 0.867 0.766 0.771
SkipGram600 17 1611 403 504 0.950 0.956 0.996 0.967 0.946
* 0.694 0.751 0.735 0.632
i 0.740 0.880 0.752 0.757
CBoW200 23 1611 403 504 0.965 0.972 0.997 0.974 0.970
* 0.741 0.817 0.762 0.706
i 0.775 0.852  0.758 0.788
CBoW400 15 1611 403 504 0.953 0.970 0.996 0.972 0.969
* 0.785 0.851 0.804 0.756
i 0.851 0.887 0.878 0.857
CBoW600 24 1611 403 504 0.931 0.954 0.994 0.944 0.964
* 0.753 0.818 0.774 0.719
i 0.806 0.859  0.885 0.831
GloVe200 7 1606 402 510 0.965 0.953 0.993 0.962 0.942
* 0.697 0.785 0.749 0.628
i 0.781 0.843 0.738 0.778
GloVe400 15 1606 402 510 0.938 0.967 0.996 0.978 0.978
* 0.706 0.785 0.763 0.656
** 0.774 0.888 0.884 0.812
GloVe600 29 1606 402 510 0.955 0.959 0.994 0.945 0.973
* 0.688 0.727 0.714 0.642
** 0.815 0.850  0.852 0.816

Note. The model is optimized for the accuracy of the validation set.

Note. Weights: rectangular. Distance: Euclidean.

* Performance measures when predicting classification using TF-IDF normalization based on a corpus consisting of 5635 offers ** Performance
measures when predicting classification using TF-IDF normalization based on a corpus consisting of 9301 offers.
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Fig. 3. ROC curves for the innovation text classification results. In turn: Skip Gram, Bag-of-Words, GloVe.
6. Discussion
6.1. NLP practical implications

The results demonstrate that the research protocol is adequate for predicting SMEs’ innovation-seeking behavior in networking.
However, the prediction performance is highly reliant on the size of the lexical corpus and the number of offers used for its devel-
opment. Since there is no direct comparison to a text classification study of networking offers, the results should be at least comparable
to the prediction performance measures (F1 and AUC) in similar research designs and word embedding models, albeit in different
contexts.

Farman Ali et al. [61] conducted sentiment analysis on transportation data using several machine learning algorithms and
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Fig. 4. Average word count of Explorative and Exploitative innovation in EEN offers.

Table 4
The ranking of the main explorative and exploitative innovation contexts occurring in the EEN offers (based on four-word combinations with
lemmatization).

Primary word combinations Exploitative ranked Exploratory ranked Rank difference
identify international business partner 26 7 19
seek an international business partner 25 8 17
activity other information technology 6 18 12
activity computer consultancy activity 9 18 9
motor vehicle transportation equipment 12 20 8
automation robotic control system 18 11 7
computer programme activity computer 8 15 7
other consumer product manufacture 24 19 5
artificial intelligence relate software 11 6 5
software artificial intelligence relate 21 17 5
machine turn drill mould 6 10 4
other industry specific software 19 22 3
agriculture forestry fish animal 1 3 2
accessory include jewellery manufacture 16 14 2
partner under distribution service 23 21 2
under distribution service agreement 2 1 1
other metal work equipment 3 2 1
other human health activity 10 1
medical technology biomedical engineer 12 11 1
other electronic relate equipment 14 13 1

word2vec. Their approach achieved higher precision measures of 90%, comparable to our results. Additionally, when comparing our
results with studies on dynamic word embedding, such as Pasupa and Ayutthaya [62], where the authors utilized deep learning
techniques for sentiment analysis in the Thai language, they achieved the highest F1 score of 0.817 with the CNN model. Therefore, it
can be concluded that our results demonstrate good and comparable prediction performance measures, but they are not perfect.
Furthermore, in the context of dynamic embedding models such as BERT being used in aspect-based sentiment analysis, Ben Liang
et al. achieved the highest F1 score of 87% [63]. In the study that is most similar to ours, focusing on mining product innovation by
Zhang et al. (2021), the authors used a combination of different dynamic models to perform word embeddings [40]. They achieved
very high prediction performance with AUC 0.91 and F1 0.89, which is comparable to our slightly lower results in stage two of the
experiment (AUC 0.887, F1 0.851). Taking into account the nature of networking and the diverse needs described in the EEN database,
we can conclude that our experiment was successful. While the use of dynamic word embeddings would likely improve performance
measures, the improvement might not be significant, and our protocol can be considered a time- and resource-saving solution.

6.2. Theoretical implications

Based on the content analysis performed, it is clear that SMEs oriented towards Explorative innovation are more focused on
artificial intelligence-related software and automation or robotic control systems, whereas those oriented towards Exploitative
innovation are focused on current solutions for computer programs and equipment related to a specific market, transportation.
Regarding RQ 3, we can conclude that SMEs seeking exploitative innovation are more focused on improving processes with the help of
new software (new for the seeker) and generally on purchasing solutions and hardware that will strengthen their internal performance.

Innovation is a high-risk venture, and not all companies want to take this risk by only bidding on creative and agile problem
solutions. Instead, they choose to enter a viable product, service, or purchase process [64]. However, since the innovation process is
strongly supported by the phenomenon of networking, which involves knowledge exchanges between multiple parties, it becomes a
creative issue to turn a problem or idea into state-of-the-art products, services, and processes in exploratory-oriented offers that might
not be viable in principle as they explore the knowledge gap of the seeker. This issue shifts the boundary of what is feasible now to the
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entropy related to what will be feasible when the knowledge exchange occurs. Even if such an innovation process does not result in a
new high-end product with the intended prior purpose, the innovation-seeking behavior may settle for a new process with completely
different valuable knowledge. Therefore, organizations interested in networking could respond effectively to just an innovative effort
when their knowledge-absorbing capacity is high, but general creativity or resources are low [65,66].

The effectiveness of our semi-automated categorization of innovation-seeking behavior is based on two fundamental perspectives
of the innovation of SMEs in networking in terms of their absorptive capacity in networking: potential or realized absorptive capacity
and substitution or evolution of capabilities to innovate [67,68]. Although some major skills and knowledge gaps might appear as
triggers of or during the innovation-seeking process, it is also necessary to fulfill these gaps, respectively, to the absorptive capacity of a
company, i.e., the general staff’s capacity to learn, implement new knowledge, or disseminate new technology. Such limitations will
then be a potential cause of having a mixture of different attitudes in the innovation-seeking process. SMEs using networking databases
might be at the crossroads between what kind of knowledge they potentially want to find and absorb as a result of innovation-seeking;
therefore, each EEN offer includes a detailed description of the status and achievements of each company.

Networking facilitates social interactions among smaller firms and helps them realize their innovation potential. SMEs typically
belong to at least one network, and these networks are primarily driven by the exchange of business and technical knowledge [67].
Networking has been found to enhance the potential for exploratory innovation, while exploiting performance improvements and
data-driven learning can optimize existing innovation trajectories. Participating in exchange-driven ecosystems can reduce innovation
barriers and increase absorptive capacity [69]. Our study indicates that presented protocol effectively measure certain aspects of
exploratory and exploitative innovation.

The internal exploitation of knowledge is the final point of the transformation process during innovation for both exploratory and
exploitative approaches, but SMEs are mostly considered to be a subject of one of them [67]. Our categorization shows different
perspectives where innovation-seeking behavior might be related to differences in absorptive capacity, but it does not induce a perfect
duality between exploration and exploitation innovation. As Duy Quoc Nguyen [70] described, exploratory and exploitative inno-
vation ‘are complementary in the fit-as-mediation form in which R&D mediates the influence of novel external knowledge’. The shift
between exploratory and exploitative focus in innovation-seeking will be conditional on the capacity reconfiguration mechanism of a
company, where capacity substitution will be a concern of exploratory innovation-seeking, and capacity evolution might be more of a
concern in the case of exploitative innovation-seeking [70].

This study has significant implications for the internationalization of SMEs. The findings indicate that Exploratory innovation is a
more prevalent subject of innovation-seeking behavior in the EEN database (Fig. 2), as opposed to an exploitative approach. This
suggests a trend in networking preferences where SMEs prioritize intelligent technologies and an international approach to business
operations. These perspectives are more relevant to R&D activities than the transformation or evolution of current information
technologies and software, which characterizes exploitative innovation. Thus, the original assumptions regarding exploratory inno-
vation hold true for the EEN database as well.

The exploratory innovation-seeking behavior of SMEs is focused on making an impact on the market. It is worth noting the strong
emphasis on implementing artificial intelligence in this category, driven by the belief that industry 4.0 technologies, such as machine
learning and deep learning, will enhance decision-making and enable the creation of new solutions, ultimately accelerating the
exploration and development of useful technologies and services [71]. This approach aligns with the principles of open innovation,
where collaboration based on new technologies can not only improve SMEs’ efficacy but also lead to changes in the organizational
environment, transform operations, and enable progress towards Industry 4.0 [72].

6.3. Limitations of the study

One main limitation of our research protocol is that it was tested based on the implied distance between companies and people
seeking innovation. Overall, our study reflects only the perspective of European-centered networking supported by European Com-
mission. While EEN is one of the largest and most accessible networking databases in the world, our observations cannot be generalized
to all such initiatives regarding innovation and R&D. Also, it is possible that in cases where exploitative innovation is sought, it may
also be more necessary for efficient or sustainable operations, as indicated by Pereira et al. (2019). Furthermore, each offer may
contain elements of both explorative and exploitative innovation, and the categorization will depend on which type is more repre-
sentative. However, the actual exchange of knowledge and transformation within the organization may be opposite to the goal of the
seeking process. Therefore, while our research protocol cannot completely eliminate the entropy associated with innovation and future
actions of companies, it can still support and optimize the search process through effective categorization and predictions of the type of
innovation. The main added value of our experiment is confirming that in the context of networking, one type of innovation is simply
more or less emphasized by SMEs during innovation-seeking.

Another unknown is how effective our research protocol would be in databases such as CORDIS or other innovation or R&D-related
databases. It’s important to consider the implications of repeating this procedure in other databases, on much larger datasets, as well as
testing it on the EEN with pre-trained, transformer-based, and dynamic word embedding algorithms, such as LSTM, CNN, or Google
BERT.

7. Conclusions

Our study has presented few several advantages in identifying SMEs’ innovation-seeking behavior through NLP text classification.
One of the main strengths is that our research protocol provides insight into the nature of network communication and enhances the
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understanding of networking initiatives among SMEs. By analyzing the exchange of business and technical knowledge in these net-
works, we can predict innovation-seeking behavior and identify types of innovation needs. This information can be valuable to users of
networking databases (business analysts, embedded librarians, researchers and entrepreneurs) allowing them to select only the offers
that are more likely to result in a specific type of innovation approach. Our research protocol can be openly repeated, enabling others to
replicate our findings and further explore innovation-seeking behavior in SME networks. The use of NLP text classification algorithms
in this study can be extended to other innovation and R&D-related databases, further enhancing our understanding of innovation-
seeking behavior of different entities.
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