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Technological development of the last several decades has driven open innovation towards organizational,
business, social, and economic change. Open innovation has emerged as the main driver of change in a business
sector that needs to be flexible and resilient, rapidly adapting to change through innovation. In this context, the
present study aimed to explore the limits of open innovation by extracting evidence from user-generated content
(UGC) on Twitter using social media mining. To this end, in terms of the methodology, we first applied machine
learning Sentiment Analysis algorithm texted using Support Vector Classifier, Multinomial Naive Bayes, Logistic
Regression, and Random Forest Classifier to divide the sample of n = 586.348 tweets into three groups expressing
the following three sentiments: positive, negative, and neutral. Then, we used a mathematical topic modeling
algorithm known as Latent Dirichlet allocation to analyze the tweet databases. Finally, Python was used to
develop textual analysis techniques under the theoretical framework of Computer-Aided Text Analysis and
Natural Language Processing. The results revealed that, in the tweets dataset, there were eight topics. Of these
topics, two contained tweets expressing negative sentiments (Culture and Business Models/Management), three
topics contained tweets expressing positive sentiments (Communities, Creative projects and Ideas), and three
topics contained tweets expressing neutral sentiments (Entrepreneurship, Teams and Technology). These topics
are discussed in the context of limitations, risks, and characteristics of open innovation according to the UGC on
Twitter. The paper concludes with the formulation of 20 limits of open innovation and 27 research questions for
further research on open innovation, as well as a discussion of theoretical and practical implications of the study.

1. Introduction

In recent years, technology together with innovation processes has
led to the emergence of new strategies for management (Dahlander and
Gann, 2010; Belk, 2014), as well as promoted project development
(Brunswicker and Chesbrough, 2018), community building (von Briel
and Recker, 2017), branding (Wilson et al., 2015), use of social networks
(Lugman et al., 2021), among other aspects (Huizingh et al., 2011).

In this paradigm, open innovation has been defined as a concept that
encompasses novel challenges and practices of innovation processes
(West et al., 2014; Bogers et al., 2018; Moretti and Biancardi, 2020). The
concept of open innovation refers to management of innovation pro-
cesses in corporations (Barham et al., 2020a), control over knowledge,

as well as innovation-centered processes that take external ideas to drive
positive and successful innovation (Ciesielska, 2018). Accordingly, open
innovation proposes that, in their strategic innovation, companies
should beyond their limits, seeking cooperation and partnerships with
various organizations, professionals, and experts (Cavallo et al., 2021).
However, while open innovation has been extensively investigated in
academic research, several authors argued that the limits of open
innovation have to be studied and discussed in terms of risk (Jugend
et al., 2020; Hervas-Oliver et al., 2021; Marshall et al., 2021), processes
and practices (Pilav-Velic and Jahic, 2021), management (Bagherzadeh
et al., 2019), information (Adamides and Karacapilidis (2020)), finance
(Garcia-Quevedo et al., 2018), or technology (Noh and Lee, 2020).
The development of the concept of open innovation in the last
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several decades has occurred in parallel to the exponential growth of the
use of social networks (Saura et al., 2021). Technological development
and innovation have led to the emergence of new social networks that
meet user needs (Liu et al., 2021). In a connected digital ecosystem
where huge amounts of data are generated on a daily basis, social net-
works have been configured as optimal systems to explore the world
(Ribeiro-Navarrete et al., 2021), create knowledge, and extract insights
on both traditional and novel topics (Tandon et al., 2021).

In this context, massive amounts of data known as user-generated
content (UGC) have come to be considered as a valid source of infor-
mation. UGC is extracted from social networks to identify insights and
create knowledge through evidence collected from social media mining
(Krumm et al., 2008).

In this paradigm, it is imperative to define the boundaries, charac-
teristics, and benefits of open innovation and the use of UGC used to
extract insights from large amounts of data (Krippendorff, 2018). In
response to this need, the present study explores UGC from the social
network Twitter to define the limits of open innovation through the
application of sentiment analysis and topic modeling algorithms that
work with machine learning.

The novelty of the present studies lies in the fact that, owing to the
data-mining technologies used, and filling the gap in available research,
we identify and discuss the boundaries of open innovation evidenced by
UGC.

The research questions addressed in the present study are as follows:
RQ1: What are the limits of open innovation according to UGC on Twitter?
RQ2: What is the sentiment of the topics that characterize open innovation
according to UGC on Twitter? To answer these two questions, in the
present study, we aim to achieve the following objectives:

- To create knowledge about open innovation

- To Identify new analytical perspectives for the limits of open
innovation

- To explore the characteristics and sentiments of open innovation
according to UGC from Twitter

- To outline future guidelines for open innovation research using so-
cial networks

- To establish guidelines for the use of information classification
models in social networks

Methodologically, in the present study, we followed the approaches
previously proposed by Hiremath and Patil (2020), Ozcan et al. (2021)
and Saura et al. (2021a). Specifically, for data analysis, we first applied
Textblob Sentiment Analysis using Support Vector Classifier (SVC),
Multinomial Naive Bayes (MNB), Logistic Regression (LR), and Random
Forest Classifier (RFC). These approximations were performed to divide
the sample of 586,348 tweets into three subgroups expressing the
following three sentiments: positive, negative and neutral. In the next
step, a mathematical thematic modeling algorithm known as Latent
Dirichlet allocation (LDA) was used to analyze the tweet databases. The
results were validated with the p-value and keyness indicators. Finally,
Python was used to develop textual analysis techniques under the
theoretical framework of Computer-Aided Text Analysis (CATA) (Leon,
2009) and Natural Language Processing (NLP) (Hirschberg and Mann-
ing, 2015) through computing the count and weighted percentage
variables.

The remainder of this paper is structured as follows. In Section 2, we
review relevant literature. Section 3 presents the methodology. The re-
sults are reported in Section 4. The results and discussed and a roadmap
for future research on open innovation are provided in Section 5.
Finally, conclusions, theoretical and practical implications, as well as
limitations of the present are identified in Section 6.
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Table 1
Relevant previous studies on innovation development.

Authors Description

Leonardi (2014) Emphasized that innovative social media strategies drive
knowledge generation, improve communication, and enable
new digital scenarios for creative innovation.

Highlighted brand innovation and knowledge acquisition
through social media and strategic capabilities

Defined and identified the roles that companies should take to
drive innovation both in social media and in the sectors in
which companies operate

Investigated how companies should drive innovation through
the use of new digital channels such as social media. Defined
the capabilities that allow companies to innovate.

Analyzed the main means for radical innovation in the digital
age and identified the characteristics of innovation in the
digital age and how companies should drive change

Nguyen et al.
(2015)

Roberts and Piller
(2016)

Muninger et al.
(2019)

Fischer et al. (2021)

2. Literature review
2.1. Innovation, open innovation and social media mining

Open innovation models are applied by companies to develop suc-
cessful innovation strategies (Zhu et al., 2019). However, in the pro-
cesses of development, construction and implementation of new ideas
(Gatzweiler et al., 2017), in order to accelerate the innovation of busi-
ness activities, firms require external support (West and Bogers, 2014),
critical knowledge, as well as the identification of new ways to obtain
and/or create knowledge (Bogers et al., 2017).

In available literature, there is controversy over the main limitation
of open innovation and the causes or drivers of success. In this respect,
Vanhaverbeke et al. (2017) demonstrated that there are organizational
barriers to propose correct open innovation models and overcome cul-
tural barriers and legal regulations that may affect these processes. In
addition, Greco et al. (2018) argued that financial and economic drivers,
or conflicting demands in the development of new ideas, can also
become barriers to innovation.

While open innovation is admittedly a very complex process, it is
central to companies’ innovation strategies. The flows of information,
technologies, and ideas are all building blocks of the innovation process
(Alassaf et al., 2020). In this connection, Fischer et al. (2021) argued
that social networks can serve as a relevant source of knowledge crea-
tion to drive change in organizations. Accordingly, social networks
could also help to improve open innovation processes. As argued by
Chesbrough and Bogers (2014), to become truly innovative, firms
should be open and willing to accept external knowledge. Yet, before the
application and use of innovative technologies, their challenges should
be discussed (Mention, 2011).

For instance, while Lifshitz-Assaf et al. (2018) argued that open
innovation should be based on the development of open innovation
projects that integrate external knowledge through social networks and
digital platforms, Barham et al. (2020b) noted that there are risks con-
cerning open innovation when there is no internal support that defines
the company’s commitment to open innovation. Accordingly, Barham
et al. (2020b) underscored the importance of the role of managers and
their strategic support for open innovation. Similarly, West et al. (2014)
also indicated that there are negative attitudes towards external
knowledge and cooperation through communication in companies.

Notwithstanding, Leonardi (2014) indicated that external knowl-
edge acquired in digital ecosystems can enhance creative innovation and
boost knowledge generation. Similarly, Enkel et al. (2009) also indi-
cated that strategic orientation is a fundamental pillar for open inno-
vation to be successfully integrated into business processes.

Following these considerations, Abouzeedan and Hedner (2012)
highlighted the importance of internal weaknesses in companies to
make their processes more flexible and to implement the open innova-
tion projects. Both from the technological, organizational, and project
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decision-making perspective, companies do not make sufficient effort to
establish additional routines that drive open innovation as a real pos-
sibility for their success (Chesbrough and Crowther, 2006).

To provide a better understanding of how open innovation can be
studied not only from theoretical perspectives and frameworks, but also
from a practical perspective where social networks and digital ecosys-
tems are used as a primary data source, Table 1 summarizes previous
studies on innovation development. All studies reviewed in Table
justified the creation of knowledge and improvement of innovation
through the study of digital data sources.

As mentioned above, although the adoption of open innovation
strategies has been extensively studied in the literature in the last
decade, previous approaches focused on the digital environment play
am increasingly more relevant role in the development of the concept of
open innovation. As can be seen in Table 1, digital ecosystems, knowl-
edge, and insights extraction in social networks or opportunities of
technological developments and business models on the Internet drive
researchers to take digital data sources such as a fundamental source for
the development and understanding of the concept of open innovation
(Elia et al., 2020).

In this connection, the concept of social media mining (Di Domenico
et al., 2021) is directly linked to the UGC and consists of collecting large
amounts of data from social media profiles to identify patterns and in-
sights in relation to a specific topic. In the present study, the use of UGC
extracted from Twitter is used as the source of information on which
knowledge about open innovation is created (see also Klein et al., 2021;
Saura et al., 2021a).

2.2. User-generated content (UGC)

In social sciences, UGC is conventionally used as a source of valid
information extracted from content posted by users on social networks
(Luca et al., 2015). UGC includes small pieces of text that express
different opinions and feelings linked to a specific topic (North-Kim and
Johnson, 2016). UGC can include comments, reviews, posts, tweets,
videos comments, or any other source of information that users generate
in digital environments and social networks.

In the present study, the UGC is used to understand the character-
istics of open innovation, as it can be used to understand how a specific
industry works. For instance, Roma and Aloini (2019) demonstrated that
UGC can be meaningfully used to understand the opinion of users in
relation to brands. Accordingly, UGC has been studied to better under-
stand the society (Ostman and Chang, 2012), data privacy (Ribeir-
o-Navarrete et al., 2021), strategies focused on innovative
decision-making (Saura et al., 2021a), or economics (Dhar and Chang,
2009), among many other topics.

There is a broad consensus among social science scholars that the
content published by social network users can provide new perspectives
on the emerging issues or link the already available knowledge about an
industry to new academic contributions. At the same time, in recent
years, social networks and traditional/digital advertising (Minowa and
Belk, 2017) have become a valid channel for research and a source of
data for social innovation (Pelka and Kaletka (2011), online user
behavior (Van Dijck, 2009), or event prediction (Yang et al., 2014).

Similarly, public opinion—investigated through the analysis of social
media content and UGC (Mehmet and Clarke, 2016)—can help to
identify and operationalize new variables and indicators that can further
be quantitatively explored in future research (Leung, 2009), as well as
used to clarify emerging paradigms or establish new metrics and prac-
tices in relation to how companies carry out professional activities.

Overall, due to the application of technologies that work with ma-
chine learning, the use of social media listening techniques and inno-
vation has been argued to enable the creation of value (Chesbrough
et al., 2018), collection of insights (Shan et al., 2020), as well as
extraction of knowledge. Accordingly, Grover et al. (2019) concluded
that UGC is one of the applications that can be adopted to clarify
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Table 2
Relevant previous studies on user-generated content and knowledge creation.

Authors Description

Lexhagen et al.
(2012)

Analyzed social media content in the form of UGC to extract
insights and create knowledge in relation to innovation in
tourism destinations, management, and marketing.

Extracted UGC to improve decision-making and knowledge
creation processes on strategic and technological levels.
Investigated the impact of UGC opinions on social networks to
measure their influence on innovation and change processes.
Measured brand audiences in relation to demographic interests
through the analysis of UGC in online chats.

Defined the characteristics and value of UGC for the
improvement of products and services and described the value
of UGC in driving strategy development and social media
listening.

Explored the use of UGC for Business Intelligence in Innovation;
extracted UGC information from an Open Innovation
Community platform.

Schmunk et al.
(2013)

Zhang et al.
(2018)

Hill et al. (2019)

Ho-Dac (2020)

Daradkeh (2021)

emerging paradigms and identify new patterns concerning the object of
study (Daim et al., 2016). Therefore, the UGC is consensually used in the
literature as one of the main sources of data for the development of
studies based on social media listening. Viewed from this perspective,
relevant previous studies that used UGC to create knowledge and
improve understanding of sectors related to innovation, its development
and application are summarized in Table 2.

3. Methodology

The methodology used in the present study is based on social media-
mining techniques divided into three distinct phases supported by the
CATA theoretical framework (Short et al., 2010). CATA defines the
different approaches that can be developed with computer-aided text
analysis techniques (Park et al., 2019). These techniques can be mean-
ingfully used to build statistical validation, propose theoretically-based
constructs and variables, or create knowledge by identifying insights to
be studied in future research (Tauscher et al., 2020).

As argued by Xuanyang et al. (2005) and Leon (2009), in order to
increase validation capacity of results in CATA-centered approaches,
technologies working with machine learning or mathematical algo-
rithms that drive prediction can be used. Furthermore, another mean-
ingful methodology for knowledge creation using CATA through the
identification of insights is content analysis (Krippendorff, 2018).

In the present study, the data were analyzed in the following three
steps. First, we applied sentiment analysis with Textbob using SVC,
MNB, LR, and RFC experiments to obtain the highest accuracy in the
results. Second, a LDA was developed to divide the database into corpora
of tweets expressing negative, positive, or neutral sentiment. Thirdly
and finally, through textual and content analysis using Python (Bhavsar
and Manglani, 2019), insights were extracted from the sample.

3.1. Data sampling

A sample of tweets (n = 586,348 tweets) was extracted from the
Twitter APL Twitter queries (hashtags) used for data extraction were as
follows: #Innovation AND #OpenInnovation or #Openlnnovation. Data
collection took place between May 2021 and October 2021. Of note, the
data extraction was carried out during the time period when there was
no event linked to the open innovation industry that could modify the
sample following a non-probability sampling frame (Lehdonvirta et al.,
2021). Non-probability sampling (Sihombing, 2017) is an approach to
sample elaboration, which is also known as judgment sample. In the
present study, we followed Lehdonvirta et al. (2021) criteria and
knowledge of the object of study to develop the sampling process
considering non-probabilistic variables. Non-probability sampling is
commonly used in studies that work with UGC in social networks
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(Bahtar and Muda, 2016; Saura et al., 2021a).

The study database was filtered using Python and Pandas libraries
with the following criteria. First, repeated tweets were removed to
obtain as many original tweets as possible. Retweets were also consid-
ered duplicate content, because they express content previously pub-
lished in the social network. URLs and links were removed, and only text
was analyzed using Natural Language Processing (NLP) techniques. All
included tweets contained a minimum of 80 characters (Kim et al.,
2018). Images and videos contained in the tweets were not analyzed
because they were not the subject of our study (Palguna et al., 2015).
After all filtering steps mentioned above, a total of 408,802 tweets were
retained in the dataset.

3.2. Textblob sentiment analysis

In general, sentiment analysis algorithms are used to divide data-
bases into different categories or classifications. Many algorithms can be
trained with machine learning processes to improve the accuracy of
results. The databases on which sentiment analysis algorithms work can
be of a diverse nature. However, as argued by Sibona et al. (2020),
user-generated data (UGD) or UGC is a valid source for the use and
application of this data-mining technique.

Using Textblob (Hiremath and Patil, 2020) and supported by the
CATA and NLP framework. We first used 1581 tweets to train the
Textblob algorithm to divide the data into tweets expressing three types
of sentiment: positive, negative, and neutral. Sentiments expressed in
emoticons, images, or videos were not considered (Zafar et al., 2015).
The algorithm training process was performed manually. To this end,
the dataset of 1581 tweets was divided into equal parts and classified
without comparing the results, adding values of 1 for positive tweets,
0 for neutral tweets, and —1 for negative tweets.

Once the samples were classified, in order to evaluate the accuracy of
the algorithm, for a sentiment analysis using Textblob, polarity scores
were measured and classified as polarity or subjectivity. Polarity ranged
from —1 to 1, while subjectivity ranged from 0.0 to 1.0, where 0.0 is very
objective and 1.0 is very subjective. This accuracy measure commonly
used in the classification for the results of the models that work with
sentiment analysis.

Likewise, Textblob is a well-known library developed in Python that
is used to find common text processing operations. Textblob is devel-
oped in NLTK and patterns. Of note, one of the limitations of algorithms
that work with sentiment is that these algorithms do not recognize irony,
sarcasm, and connotations. In the process of training the algorithm, we
considered this limitation in an attempt to increase the quality of the
results (Hasan et al., 2018).

Finally, to validate the results of our sentiment analysis using Text-
blob, following Hiremath and Patil (2020), we computed 4 cross--
validations—namely, taking into account the variables of precision,
recall, f1-score and support. These variables were supported in the re-
sults in terms of macro average and weighted average. Therefore, for the
classification of patterns in the analyzed database, the following tech-
nologies were used for the computation of the Textblob model:

- Support Vector Classifier (Lau and Wu, 2003)

- Multinomial Naive Bayes (Jiang et al., 2016)

- Logistic Regression (Kumar et al., 2016)

- Random Forest Classifier (Al Amrani et al., 2018)

3.3. Latent Dirichlet allocation (LDA) model

To subdivide the database into topics, the mathematical algorithm
known as LDA was used. We chose LDA as a unsupervised machine
learning algorithm due to its flexibility and adaptability for the analysis
of databases consisting of tweets. However, to perform this process,
other valid approaches are Latent Semantic Analysis (LSA) or Non-
Negative Matrix Factorization. Following Jelodar et al. (2019), the
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LDA algorithm was developed in Python LDA 1.0.5 using Gibbs sampling
(MAC version).

As mentioned above, based on the results of sentiment analysis, the
main database was divided into three databases with tweets expressing
three different sentiments. To these databases, LDA was applied to try to
find a probability of hidden distributions in the input data.

In general, the LDA algorithm allows for the identification of topics
in commonly structured as observations (documents) composed by
tweets. However, in the present study, we dealt with data sour-
ces—namely, Twitter-based UGC structured as small pieces of text.
Applying LDA to databases divided into sentiments, we identified topics
linked to these three types of sentiments (Resnik et al., 2015).

Consequently, LDA was configured as a topic-modeling technique
classified within data mining, and we studied different inputs in the
words contained in the databases. In this way, the model was used to
identify the most frequent words and thus to name those topics (Zhao
et al., 2011).

Therefore, a probabilistic assumption developed in the LDA was used
to first identify the distribution of the themes in the analyzed database
and then automatically group the words that made up the themes that
were subsequently labelled using the words frequently occurring in the
data (Tajbakhsh and Bagherzadeh, 2019). Once these data were ob-
tained, we analyzed the groups of words obtained from the analyzed
databases to select topics relevant for our research objective (see the
Results section for further detail).

3.4. Textual and content analysis

Upon obtaining the results of the sentiment analysis and LDA, we
applied textual and content analysis following NLP. Specifically, vari-
ables such as weighted percentages, count and keywords frequency were
computed to extract insight from the data (Klein et al., 2021).

Overall, textual analysis makes it possible to understand the weight
of each of the words in the database, which facilitates identification of
patterns in the data. This type of exploratory approach allows for the
construction of insights and identification of drivers that explain the
object of study of the research. Moreover, additional approaches such as
n-gram analysis can also be developed (Linvill et al., 2012).

In the present study, following Saura et al. (2021a) who used Latin
numerical prefixes, an n-gram of size 1 was referred to as a “unigram’’;
size 2 was a “bigram’’. Therefore, in the process of textual analysis,
n-grams relative to unigram (positive, negative, and neutral) as well as
bigram (negative, positive, and neutral) were identified. These processes
were also previously used by Utama (2019) and Widaretna et al. (2021)
using the concept of Mutual Information (MI), which validates whether
there are correlations between words and indicators compared in NLP
and data-mining approaches.

4. Results
4.1. Results of sentiment analysis

The results of our sentiment analysis with four standard classifier
methods (FRC, SVC, MNB, and LR) were first considered in relation to
the obtained level of accuracy. As mentioned above, the accuracy vari-
able measures the percentage of success in the results of a model that has
been previously trained. When working with machine learning, accu-
racy is one of the most relevant variables (Dhaoui et al., 2017).

Among the five cross-validation experiments that we performed (Sl.
No. from 0 to 4), the ones that obtained the highest accuracy were Linear
SVC Sl. No. 3 (0.902100) and 1 (0.884401). The remaining classifier
methods obtained accuracy for Sl. No. 3 of 0.693041 in RFC, Sl. No. 4 of
0.762001 in MNB and, finally, Sl. No.1 of 0.841202 in LR.

Within the standard classification development processes in senti-
ment analysis, multiple validation scales are a standard procedure to
give robustness to the applied models in terms of accuracy (Li and Liu,
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Table 3 2014). Table 3 shows the results for each of the experiments developed
Model category details. (total n = 19); a number from O to 4 was applied to the classification
SL. No. Model Name Fold_idx Accuracy - Textblob scale for each model used and the corresponding accuracy.
- Similarly, in order summarize the approximation and the highest
0 RandomPForestClassifier 0 0.650310 . . .
1 RandomForestClassifier 1 0.670420 accuracy values, the highest accuracy values according to the classifi-
2 RandomForestClassifier 2 0.668031 cation model used and the result are shown in Table 4. The highest
3 RandomForestClassifier 3 0.693041 accuracy result for SVC was 0.902100; 0.841202 for LR; 0.762001 for
;‘ i_aﬂd"ggrestﬂamﬂer 3 832(1)‘5‘2‘1‘ MNB, finally, 0.693041 for RFC.
Inear. B . . .
6 LinearSVe 1 0.863718 . Fonov\flng .Ozcan e.t al. (202.1) who h}ghhghted the re}evance of data
7 LinearSVC 2 0.884401 visualization in machine learning-centric approaches, Fig. 1 (a) shows
8 LinearSVC 3 0.902100 the results of experiments with 5 cross-validations results (see also
9 LinearSVC _ 4 0.870216 Hiremath and Patil, 2020). Fig. 1 reflects a maximum total accuracy of
10 Multinomial Naive Bayes 0 0.742092 0.99 on the X-axis. On the Y-axis, the numbers related to the experiments
11 Multinomial Naive Bayes 1 0.732970 ) .
12 Multinomial Naive Bayes 9 0.743102 performed with LSVC, RFC, LG, and MNB with a total of 19 are pre-
13 Multinomial Naive Bayes 3 0.710522 sented. The highest accuracy achieved according to the classification
14 Multinomial Naive Bayes 4 0.762001 model used is highlighted in bold.
15 LogisticRegression 0 0.811002 Similarly, in the analysis processes using sentiment analysis, it is a
16 LogisticRegression 1 0.841202 . . .
o . standard procedure to represent the variables obtained concerning the
17 LogisticRegression 2 0.813120 . . .
18 LogisticRegression 3 0.824021 accuracy, recall, f1-score and support with regard to different senti-
19 LogisticRegression 4 0.840431 ments (in our study—positive, negative, and neutral).

Source: the authors

Table 4

Summarized brief scores.

In this context, accuracy is an indicator that measures the quality of
the machine learning model for the development of the tasks assigned to
it. Furthermore, the recall variable reflects the amount of the machine
learning model used that can be identified in a database. F1-score, which
is a metric that combines accuracy and recall into a single indicator, is a

practical indicator because that facilitates the comparison of perfor-

SL. No. Model Name Scores of Textblob analysis

- mance in terms of accuracy and completeness analysis between various
; E)ng??trii\liggression 3:22122183 solutions (Saura et al., 2021). Finally, the support variable evaluates
3 MultinominalNB 0.762001 how much support of machine learning is used to make model pre-
4 RandomForestClassifier 0.693041 dictions—i.e., how much the value of the learning machine has been

Source: the authors

used to produce the prediction on which the accuracy is measured.
The values of accuracy, recall, f1-score and support are summarized
in Table 5, in which the macro average variable measures the average

LinearsVC [l LogisticRegression [l RandomForestClassifier [l Multinomial Naive Bayes

Accuracy

0.693041
o

RandomForestClassifier

0.65

0.902100
o
LinearSVC o
- o LinearSVC
LinearSVC o 0.841202
|} L
o
LogisticRegressionm .
0.762001
& Multinomial
Naive
Multinomial = o Bayes
Naive -
Bayes -
Iti ial
@ RandomForestClassifier Mu,\lll:s;ma
Bayes
Sl. No.

Fig. 1. Main brief scores of TextBlob Analysis in 5 cross-validation experiments
* Sl. No. The number of programmed experiments corresponding to the series of 5 cross-validation results. Source: the authors.
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Table 5
Sentiment analysis classification report.
Sl. No. Parameters Vader
precision recall f1-score support
1 Negative 0.79 0.89 0.77 20.012
2 Positive 0.88 0.77 0.83 23.429
3 Neutral 0.90 0.96 0.93 20.371
4 Accuracy - - 0.88 43.471
5 Macro avg 0.85 0.86 0.76 43.471
6 Weighted avg 0.83 0.84 0.87 43.471
Source: the authors
Table 6
LDA topics results.
R Topics Description Sent.*  Keyness  p-
value
1 Culture Obsolete and inflexible Ne 702.91 0.039

business cultures that do

not support open

innovation with

commitment and are

seen as barriers

Building collaborative P
communities motivated

2 Communities 547.56 0.031
about innovation

Creative projects focused P
on open innovation
Entrepreneurship, as a N
precursor to the

development of open
innovation, is based on
technological and

innovative development

To find the support from P
companies to

employees’ ideas in

terms of action, funding,

and structural support
Effective team building N
to drive open innovation

in companies

The fundamental role of N
technology in open
innovation processes
Depending on the typeof ~ Ne
business model, open
innovation and its
management determine
business success

3 Creative projects 538.85 0.030

4 Entrepreneurship 402.01 0.028

5 Ideas 396.30 0.026

6 Teams 205.84 0.014

201.07 0.013

7  Technology

8  Business Models &
Management

174.25 0.010

* Sent. = Sentiment: N = Neutral sentiment; Ne = Negative sentiment; P =
Positive sentiment.
Source: the authors

total of the model based on the variables analyzed, while the weighted
average measures its relativity in terms of weight.

Of note, the highest value for the recall variable was obtained for
neutral and negative tweets, with the corresponding values of 0.89 and
0.96, respectively. Positive tweets obtained a 0.77 recall.

4.2. LDA results

Based on the results of sentiment analysis, we identified a total of 8
topics about open innovation. Of note, however, the LDA results some-
times have to be adapted to match the research objectives. Accordingly,
we analyzed the first 20 topics identified for each database analyzed by
the LDA model.

Of the 20 topics identified for each database according to their
sentiments, we selected 3 positive topics, 3 neutral topics and 2 negative
topics. Them using the first 10-15 most frequent words in each of the
topics, we labelled the topics. Topic sentiments were directly linked to
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the previous step of the methodology, in which the sentiment analysis
was used to divide the dataset into three, each one according to one
sentiment: positive, negative and neutral.

The descriptions of the topics were made based on the identification
of the subject and the words that compose it, taking into account their
context and the objectives of the research. Although this selection was
carried out manually, it is a standardized process in LDA approximations
(Jelodar et al., 2019). Table 6 presents the topics with their descriptions
and corresponding sentiments.

In addition, in order to establish the relevance of the different topics
identified, the value of the keyness variable was calculated. This vari-
able measures the strength of the link between the topics. In statistical
terms, the keyness variable determines the log-likelihood score or chi-
square statistics values (Rayson and Garside, 2000). Therefore,
keyness evaluates the extent of the frequency difference and is used to
study the corpus of words that make up the topics. These processes were
also carried out in previous studies that used mutual information and
discourse analysis (Guizzo, 2019) in which the frequencies of the words
selected within each topic were compared to the total size of the sample.
Therefore, following Gabrielatos (2017), to measure the relevance of
each topic in mutual information and discourse analysis, log-likelihood
of >3.8 was statistically significant when the p-value < 0.05. Although
the results were not statistically significant, they can be used to under-
stand the relevance of each theme by analyzing the results of the p-value
and keyness variables (Pojanapunya and Todd, 2018) compared to the
rest of the dataset. The corresponding results for keyness, p-value,
sentiment, as well as topics names and description are summarized in
Table 6.

In addition, in order to visually represent the identified topics in
relation to their relevance in terms of keyness in the analyzed database,
Fig. 2 shows a map of the topics according to their relationship to the
center (i.e., open innovation).

4.3. Textual analysis results

Furthermore, to obtain additional insights, the number of times that
the keywords were repeated in the databases as analyzed in terms of
frequency, and weighted percentage (WP) in the total database
(Loughran and McDonald, 2016). WP is an indicator that presents, in
terms of percentages, the weight of a node (set of words) with respect to
the total number of words. For the calculation of this value, similar
keywords were grouped into nodes or groups of words to calculate their
weight. This value can be identified with Python or software such as
NVivo (Hirschberg and Manning, 2015).

To this end, we used the standard approaches in NLP and CATA and
the indications of Krippendorff (2018). Pandas GroupBy in Python was
used for data filtering and analysis. Frequency was determined by text
nodes grouped together and containing the total number of words that
made them up.

In this way, even if an idea was expressed with different words, its
analysis was categorized within the node of a specific topic, thus
increasing the presence of the word in the databases in relation to the
topic represented by that node (Krippendorft, 2018). Table 7 presents
the results of our analysis of frequency and WP. Some of the words in
Table 7 exemplify the content of each topic.

Subsequently, in order to extract additional insights, we performed
n-gram analysis. Overall, CATA-based studies can be complemented
with information extracted using corpus linguistic methods. In our case,
an n-gram predicted the frequency of a word based on the occurrence of
its n-1 previous word. Similarly, a bigram model (n = 2) predicted the
occurrence of a word given only its previous word (as n-1 = 1).

Table 8 presents a list of n-grams (unigrams and bigrams) and their
frequencies in relation to the keywords or collocates. Such insights make
it possible to consider the context of words and their relevance in a
corpus (McEnery and Hardie, 2013).

This context is defined here as words used together and in which a
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Fig. 2. Visual representation of identified topics in relation to open innovation.

Source: the authors.

Table 7
Grouped keywords, count, and weighted percentage.

R Topics Similar words Frequency ~ WP

1 Culture cultures, internal culture, 17.36
culture transformation, culture
development, etc.

innovative communities,
networks, community
innovations, collective
intelligence, community
members, etc.

projects ideation, sharing
ideas, collaborative ideas,
project management, projects
risks, etc.

entrepreneurial orientation,
entrepreneurship platforms,
entrepreneurs ideas, open
innovation and
entrepreneurship, etc.

open innovation ideas, open
innovation examples, open
innovation best ideas, open
innovation solutions, etc.
open innovation teams,
experts, departments, training,
motivated teams, etc.
technologies developments,
technological tools,
technological resources,
advances in technology, etc.
traditional business models,
senior management, vertical
structures, etc.

102,031

2 Communities 93,793 15.02

3 Creative projects 91,052 14.97

4 Entrepreneurship 64,936 10.39

5 Ideas 60,614

6 Teams 29,080

7  Technology 23,894

8  Business Models &
Management

12,583

Source: the authors
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lexical relationship or n-gram package is established. In this sense, these
words can provide additional information and can be used to comple-
ment the results. The collocates for the selected themes, Frq. and Frq. L
and Frq. R, are presented in Table 8.

5. Discussion

In recent years, open innovation has emerged as a driving force for
many companies and industries. However, as argued by Abouzeedan
and Hedner (2012), there are still limitations and barriers to developing
the appropriate corporate culture to successfully support open innova-
tion (Dabic et al., 2019).

Accordingly, in our results, corporate culture for open innovation
was found to be a negative topic in our data (keyness 702.91 and p-value
0.039). At present, there are many obsolete and inflexible company
cultures that do not provide sufficient strength and commitment for
employees to feel that open innovation is a relevant part of their orga-
nization. As argued by Huizingh et al. (2011), internal company
corporate culture, strategic transformation models, and the develop-
ment of a culture that supports open innovation are key factors to ensure
that there are no limits to open innovation in companies (Zenobia et al.,
2009).

Furthermore, von Briel and Recker (2017) noted that collaborative
communities boost innovation and new ideas. In line with this obser-
vation, a positive topic that we identified in our analysis was commu-
nities (keyness 547.56 and p-value 0.031); this topic suggests that the
construction of collaborative communities keeps people motivated and
drives the development of ideas focused on open innovation. Also,
Fichter (2009) argued that the very open nature of innovation-focused
communities enables new opportunities to develop open innovation.
Similarly, Martinez-Torres (2014) noted that the feeling of belonging to
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Table 8
N-grams for the collocates of selected topics.
*R Collocates for the topic “Culture” R Collocates for the topic “Communities”
*Freq *Freq L *Freq R Topic Freq Freq L Freq R Topic
1 69261 32081 37180 Culture 1 40127 17592 22535 communities
2 16981 8445 8536 Development 2 14803 13021 1782 innovative
3 4205 2180 2025 innovation culture 3 8901 4691 4210 members
4 4053 1984 2069 Companies 4 3585 1802 1783 intelligence
5 1047 793 254 Organizational 5 1301 673 628 users
R Collocates for the topic “Creative projects” R Collocates for the topic “Entrepreneurship”
Freq Freq L Freq R Topic Freq Freq L Freq R Topic
1 30941 5740 25201 Projects 1 23756 10782 12974 entrepreneur
2 14712 7291 7421 project management 2 16930 6092 10838 entrepreneurship
3 6009 5780 229 Creative 3 4901 2469 2432 orientation
4 3811 1063 2748 Ideas 4 2301 1360 941 platform
5 748 117 631 Risks 5 1830 381 1449 thinking

*Rank (R) *Frequency (F) *(F) of words on the left (FreqL) *(F) on the right (FreqR).

a community increases the ability of both employees and members of
that community to feel supported and motivated in relation to the
development, execution, and implementation of ideas focused on open
innovation.

In line with previous research that concluded that creative projects
are the fundamental axis for open innovation (Du et al., 2014), in our
results, we found a positive topic related to creative projects (keyness
538.85 and p-value 0.030). As argued by Boscherini et al. (2010), cre-
ative projects focused on open innovation promote idea sharing,
collaborative construction of new ideas, creative thinking, and effective
identification of risks. Similarly, Fiiller et al. (2012) showed that crea-
tive projects should be supported by company management, as the
creative nature of ideas that emerge in such projects drives the devel-
opment of open innovation.

Furthermore, in line with Schweitzer et al. (2021) conclusion that
entrepreneurship is directly linked to innovative, technological, and
open innovation processes, we identified a neutral topic with entrepre-
neurship (keyness 402.01 and p-value 0.028) and open innovation. This
topic suggests that there are important links between entrepreneurial
projects and open innovation through the use of digital platforms or
technologies (Del Vecchio et al., 2018; Saura et al., 2021b), open tools
and collaborative activities that base their philosophy and culture on
open innovation as a central axis.

Next, Bughin et al. (2008) developed new models to understand how
new ideas should be constructed, while Hofstetter et al. (2021) high-
lighted the importance of new idea development processes in companies
to drive change and increase profitability. In agreement with the above,
in our results, we found a positive topic of ideas (keyness 396.30 and
p-value 0.026) in terms of action, funding and structural support.
Therefore, it can be concluded that employees positively perceive
companies’ support and implementation of their ideas concerning open
innovation.

Furthermore, authors such as Igartua et al. (2010) indicated that the
internal management of ideas in companies is essential for employees to
feel motivated. Accordingly, the construction of new open innovation
ideas by acquiring knowledge external to the organizations can cause
frustrations for the employees of these companies.

Teams have always been a fundamental part of open innovation.
Similarly to Chatenier et al. (2010) finding that multidisciplinary and
participative teams must be developed to obtain effective open inno-
vation processes, in our data, we identified the neutral topic of teams
(keyness 205.84 and p-value 0.014). This topic suggests that teams
should be composed of experts from different departments of the com-
pany to increase multidisciplinary ideas in a creative project (see also
Markovic et al., 2020).

Next, with regard to technology and the development of open
innovation, Bigliardi et al. (2021) showed that technological advances

allow companies to develop open innovation. Accordingly, in our re-
sults, we identified a neutral topic in relation to technology (keyness
201.07 and p-value 0.013) and open innovation as discussed by For-
tunato et al. (2017). It is clear that technology is a fundamental pillar in
the development of open innovation processes that enables the gener-
ation of new opportunities, new trends, and new products and services
(Mention and Asikainen, 2012).

Furthermore, in our data, we found a negative topic of management
of open innovation and business models (keyness 174.25 and p-value
0.010), which suggests that management plays a decisive role in the
success of open innovation, and that traditional or inflexible business
systems are major barriers to the development of open innovation
(Chesbrough, 2004). Therefore, the support of top management of
companies is essential for open innovation. Accordingly, appropriate
management and managerial support are a fundamental part of the
success of open innovation. However, there are disagreements about
management support in traditional business models concerning open
innovation (Wage and Crawford, 2020).

To summarize the discussion and our main findings, Table 9 presents
the limits of open innovation according to the analyzed UGC in Twitter,
the topics identified in the research, their associated feelings, and pre-
vious studies that discussed the results proposed as limits to open
innovation. While, when feelings are negative, the limits of open inno-
vation should be taken as factors that companies should avoid, when
feelings are positive and neutral, they should be considered good prac-
tices to be followed by practitioners.

5.1. Future research agenda

Following Jugend et al. (2020) and Ribeiro-Navarrete et al. (2021),
in order to encourage further research on open innovation, in Table 10,
we outline the questions to be addressed in future studies. The list of
questions was compiled based on both our literature review and the
results reported in Section 4, as well as based on the topics identified in
the present study.

6. Conclusions

In the present study, we applied sentiment analysis, topic modeling,
and textual analysis techniques to identify insights and create knowl-
edge about open innovation from a UGC sample extracted from Twitter.
Based on the results of our data analysis, we identified a total of eight
topics. Of these topics, two topics were negative (Culture and Business
Models/Management), three were positive (Communities, Creative
projects and Ideas), and three were neutral (Entrepreneurship, Teams,
and Technology). Based on the characteristics of each of the topics, we
extracted insights that can help to create knowledge on open innovation
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Table 9
Limits open innovation according to UGC.

R

Topics

Sentiment

Limits of open

Authors

innovation

1

2

3

4

5

Culture

Communities

Creative projects

Entrepreneurship

Ideas

Negative

Positive

Positive

Neutral

Positive

Obsolete and
inflexible company
cultures that do not
provide sufficient
commitment to
support open
innovation as a
relevant part of
their organization
Wrong internal
company corporate
culture and
strategic
transformation

Huizingh et al.
(2011)
Zenobia et al.
(2009)

models that do not
supports open
innovation are key
factors

The construction of
collaborative

Briel and Recker
(2017)
Martinez-Torres
(2014)

Fichter (2009)

communities boost
open innovation
and new ideas in
flexible companies
Collaborative
communities keeps
people motivated
and drives the
development of
ideas focused on
open innovation.
Creative projects
internal programs
are the fundamental
axis for open
innovation
development in
companies

Creative projects
boost idea sharing,
collaborative
construction of new
ideas, creative
thinking, and
effective
identification of
risks.

creative projects
should be supported
by company
management to
drive the
development of
open innovation.
Entrepreneurial
projects and open
innovation should
be boosted using
digital platforms
and technologies
Open tools and
collaborative
activities are drivers
for open innovation
in entrepreneurship
Companies supports
in terms of action
and funding are key
elements for open
innovation projects
success.

Employees
positively perceive

Du et al. (2014)
Fiiller et al.
(2012)
Boscherini et al.
(2010)

Schweitzer et al.
(2021)

(2018)

Hofstetter et al.
(2021)

Igartua et al.
(2010)

Bughin et al.
(2008)

Del Vecchio et al.
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Table 9 (continued)

R  Topics Sentiment  Limits of open Authors

innovation

companies’ support
and implementation
of their ideas
concerning open
innovation.

The internal
management of
ideas in companies
is essential for
employees to feel
motivated.
Multidisciplinary
and participative
teams must be
developed to obtain
effective open
innovation
processes

To reach open
innovation ideas,
teams should be
composed of experts
from different
departments of the
company

The adoption of
new technological
software and
hardware allow
companies to
develop open
innovation
Technology is a
fundamental pillar
that enables the
generation of new
opportunities, new
trends, and new
products and
services
Management plays
a decisive role in the
success of open
innovation

Markovic et al.
(2020)
Chatenier et al.
(2010)

6 Teams Neutral

7 Technology Neutral

Bigliardi et al.
(2021)
Fortunato et al.
(2017)

Mention and
Asikainen (2012)

8 Business Models
& Management

Negative Wage and
Crawford (2020)
Chesbrough
(2004)
Traditional or

inflexible business

systems are major

barriers to the

development of

open innovation.

Appropriate

management and

managerial support

are a fundamental

part of the success

of open innovation.

Source: the authors

and identify analytical perspectives for the limits and characteristics of
open innovation. Based on the results, we also formulated 27 research
questions to be addressed in further research on open innovation.
Regarding RQ1 (“What are the limits of open innovation according to
UGC on Twitter?”), we identified topics that provide a glimpse of the
limitations and characteristics according to the database analyzed pre-
sented in Table 9 and composed by 20 limitations of open innovation. Of
note, these limitations are the basis for the creation of future strategies
focused on open innovation communities. Using UGC makes it possible
to obtain results that, albeit exploratory, can be used to develop future
variables or constructs of quantitative models that seek empirical evi-
dence. In relation to RQ2 (What is the sentiment of the topics that char-
acterize open innovation according to UGC on Twitter?), we found that
different relevant topics are associated with different feelings analyzed
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Table 10
Future research question related to open innovation.

R Topics Future Research questions

What are the characteristics of a resilient and
flexible company culture that supports open
innovation?

How can obsolete and traditional company
cultures be modified so that employees feel that
open innovation is important in their company?
How can internal and external values of company
cultures be enhanced by the application of new
technologies and open innovation projects?
How can external open innovation initiatives
promote cultural change and development in a
traditional company?

How can the degree of motivation in open
communities driving open innovation to be
measured?

What are the acceptance standards of ideas
generated in open innovation communities?
How can the perception of belonging to an open
community focused on open innovation be
measured?

What are the benefits and risks of open
innovation-centered project ideation within
collaborative communities?

What elements of creativity should be used in
creative projects that drive open innovation?
What are the risks associated with managing
people in creative projects focused on open
innovation?

What are the guidelines for collaborative idea
creation in open innovation projects?

Are there common characteristics that link
entrepreneurial projects with open innovation?
What is the success factor of entrepreneurs who
use open innovation vs. those who do not?
How does the success factor of entrepreneurs
affect the ideation of new entrepreneurial
projects when open innovation is used?

Which actions are most positively perceived by
employees when the company supports their
open innovation ideas?

What are the appropriate communication
channels for ideas focused on open innovation
initiatives?

How should new open innovation project ideas be
structured and developed?

Is it appropriate to measure open innovation
ideas in terms of financials and profitability?
What should the design of the departments that
make up teams prioritize when driving open
innovation?

Is it possible to define motivation indicators for
the members of a team focused on developing
open innovation?

Is it possible to define a framework that regulates
the role of external experts in internal open
innovation teams?

Is the use of new technologies and their
application related to improvements in open
innovation projects?

Should technology be a key factor in the
development of open innovation-focused
projects?

What are the limitations and risks of using
artificial intelligence for the ideation of open
innovation projects?

How do new generations of managers influence
senior management in companies that do not
support open innovation?

How can open innovation be included in
inflexible business models?

What are the risks of inefficient management in
new open innovation projects?

1 Culture

2 Communities

3 Creative projects

4 Entrepreneurship

5 Ideas

6 Teams

7 Technology

8 Business Models &
Management

Source: the authors
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and discussed in previous sections.

According to our results, Business Culture constitutes one of the main
limits of open innovation, as many companies do not support flexible
models of business organization. At the same time, collaborative com-
munities in the creation of collective knowledge make a positive
contribution to open innovation. Similarly, creative projects driven by
idea building with a focus on open innovation were identified as rele-
vant issues for this type of research. Furthermore, our results also
highlighted the influence of entrepreneurship as a precursor for the
development of open innovation.

Furthermore, as revealed by our results, business support for ideas,
funding, and activities to keep idea-generating team members motivated
are fundamental to open innovation. At the same time, our results also
suggest that teams driving open innovation must be guided by protocols
that encourage the acceptance of new technologies, motivation of their
proposals, as well as flexibility and adaptation of business models to new
products or services implemented within the framework of open inno-
vation initiatives.

Another important insight derived from our data analysis is that
technology plays a fundamental role in open innovation processes and
is, in most cases, the driving force behind open innovation. Finally, what
else is the success of open innovation is central business models and
management.

6.1. Theoretical implications

Theoretical implications of the results of the present study are two-
fold. First, considering the lack of previous research that would inves-
tigate open innovation using machine learning methodologies, on the
theoretical level, future studies can use the methodology proposed in the
present study as a basis for new proposals for knowledge creation and
extraction of insights from major social networks.

Second, the themes identified in the present study can be oper-
ationalized and explored as variables using quantitative models that
seek statistical significance. Said differently, Twitter-based insights and
knowledge about open innovation obtained in the present study can
become variables for future empirical research. Although the present
study is exploratory in nature, the present investigation can serve as a
precursor of future quantitative investigations on open innovation, since
our aim was not to test hypotheses, but rather to identify variables that
can be used in the formulation of future hypotheses in empirical studies.

In this way, the topics identified in the present study can be used as
reference in future research that would use construction of statistical
models and justify theoretical variables related to open innovation with
Partial Least Squares Structural Equation Modeling (PLS-SEM), AMOS
(Analysis of Moment Structures), or LISREL (Linear Structural Re-
lations), among others. Using these variables, other researchers can
consider the insights identified in the present study to develop research
questions and objectives, justify hypotheses, or develop questionnaires.

6.2. Practical implications

The results of the present study are eminently practical. Accordingly,
managers of companies or organizations, both public and private, can
meaningfully use our results as a guide for the elaboration of new
communication or organizational protocols that would foster the
development of open innovation in their respective companies.
Furthermore, the different feelings identified in this research provide a
deeper understanding of employees or external specialists’ feelings
about open innovation and related topics.

Our results also provide meaningful insights concerning how com-
panies should organize or promote their culture, communities, project
management and development, support for entrepreneurial projects,
organization and promotion of ideas, structuring and organization of
work teams, the role of technology in organizations, as well as the
importance of business models and management for open innovation.
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Specifically, based on our results and the 8 identified topics, the
practitioners can understand the concept of open innovation from
different analysis perspectives and not only those related to limitations,
risks, and characteristics. More specifically, companies can take these
results to improve innovative ideas, promote access to knowledge for the
company’s stakeholders, encourage innovation among employees, and
thus promote the their internal talent, or the development of internal
open innovation plans in the organization.

Finally, the CEOs and executives of organizations can propose im-
provements on their business models and traditional processes by sug-
gesting new ways to boost creativity and generate value through open
innovation. Companies can also use open innovation by addressing the
research questions proposed in each of the topics identified as relevant
for open innovation strategies.

6.3. Limitations

The present study has several limitations. First, we used a non-
probability sampling design, so while the results can be taken into ac-
count to explain the UGC pieces that are part of the sample, they cannot
be generalized to other contexts or samples on the same subject. Second,
since all models that work with machine learning are focused on the
success of the results in terms of accuracy (so that the more trained a
machine learning model is, the better are the results), a limitation of the
present study is the number of tweets we used to train our model.
Furthermore, another limitation of the present study is that we focused
on the data extracted from only one social network (Twitter). Therefore,
in further research, it would be necessary to validate our findings on the
data from other major social network platforms. Thirdly, the present
study is an exploratory investigation that yielded qualitative results.
Accordingly, further quantitative research that would quantitatively test
the variables identified in the present study is warranted.
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