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RESUMEN

Esta investigacion examina la pasion y la autoeficacia a través de la experiencia y el conocimiento, como factores
motivacionales que apoyan a los emprendedores dentro de la economia gig (EG). Crea nuevas sobre las fuentes
de pasion de los emprendedores en la literatura de la EG. La muestra se compone de todas las 1.164 actividades de
emprendimiento ofrecidas en Airbnb, Tour by Locals y Withlocals el cinco de Mayo de 2022. El estudio se apoya en
modelos de aprendizaje automatico no supervisado trata de encontrar temas latentes que emergen del analisis de
las descripciones de esos emprendedores y expone las principales dimensiones agrupadas correlacionadas. Hay seis
motivadores principales detras de las plataformas de EG como primer paso hacia el emprendimiento: Experiencia,
Pasién por compartir, Conocimiento, Tradiciones cldsicas, Empoderamiento de la comunidad y actividades locales, y
Bienestar. También se confirma la correlacién entre la pasion y la autoeficacia a través de la experiencia, sefialandolas
como factores principales detras del espiritu empresarial en la EG. Se encontraron cinco de las seis fuentes de pasién
sefialadas anteriormente por la teoria: Pasion por el crecimiento, por las personas, por el producto/servicio, por la
innovacién y por la mision social. Este trabajo revela la autoeficacia y las fuentes de pasion y sefala direcciones a los
profesionales implicados en actividades emprendedoras en el ecosistema de la EG. Este trabajo utilizé6 modelos de
aprendizaje automatico para acceder cuantitativamente a un paradigma que es inductivo por naturaleza. Los resulta-
dos apuntan al bienestar como un factor significativo que debe abordarse en futuras investigaciones sobre el espiritu
empresarial. Esta investigacion solo estudia individuos involucrados en la EG; como tal, estudios posteriores deberian
cohortar nuevas poblaciones de diferentes 4mbitos.

Palabras clave: Economia Gig, Emprendimiento, Pasién, Autoeficacia, Anélisis de Contenido, Asignacién Latente
de Dirichlet.
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1. Introduction

Gig economy (GE) platforms act as intermediaries in facil-
itating peer-to-peer short-term contracts and are widely used
by various digital platforms in the sharing and collaborative
economy (Broda, 2021; Cho & Cho, 2020). Their impact on en-
trepreneurial activity is substantial, as they offer valuable solu-
tions for individuals to participate in entrepreneurial landscapes
(Anwar, 2018; Scheepers & Bogie, 2020). These platforms op-
erate through transient contractual arrangements, as extensively
utilized by diverse digital platforms, and play a crucial role in
enabling the exchange of services and products within the eco-
nomic landscape (Pankov ef al., 2021; Schmidt, 2017). The inte-
gration of GE platforms is consistently associated with sharing,
collaboration, and platform economies (Chalmers & Matthews,
2019; Klarin & Suseno, 2021).

It is imperative to investigate the multifaceted implications of
GE on the macroeconomic ecosystem within the business sphere
because GE’s influence extends beyond the individual level
(Allon et al., 2023; Burke & Cowling, 2019). Entrepreneurs par-
ticipating in the GE are categorized as “independent workers”,
“gig workers” (GWs), or “freelancers” (Katz & Krueger, 2019;
Poon, 2019). These GWs exhibit high autonomy and flexibility
in their work arrangements (Ray & Pana-Cryan, 2021), which
are integral to the GE (Kost et al., 2020; Turner, 2023).

Within this context, GWs emphasize the episodic nature of
their work engagements, reflecting the notion of conducting dis-
crete gigs or tasks, often for various clients or platforms (Larsson
& Teigland, 2020). Similarly, freelancers underscore their status
as independent contractors who offer expertise and services on
a project-specific basis. These designations collectively capture
the essence of the GWs, where individuals not only embrace but
also thrive on the values of independence and flexibility, which
are central tenets of their professional pursuits.

Even in low-income countries, mainly due to the Covid-19
crises, GE has experienced growth and is proposed as a solu-
tion for macroeconomic growth and sustainable development
(UNCTAD, 2018; United Nations, 2020). The diffusion of tech-
nological resources associated with GE’s business opportuni-
ties can stimulate growth-oriented entrepreneurship, because it
encourages GWs to exploit new, healthier and sustainable eco-
nomic activities (Barratt ef al., 2020; Burke & Cowling, 2020).
Therefore, it is urgent to assess this ecosystem to understand
individuals’ motivations for adhering to these platforms and to
maintain them as a means of entrepreneurship.

There is scarce empirical evidence in the literature on GWs’
motivations to adhere to GE. Economic needs, search for au-
tonomy, solutions for resource constraints due to the low risk
of breaking the entry barrier, and emotional affections such as
passion are the most cited (Burke & Cowling, 2019). Passion,
which refers to one’s excitement to adopt a determined action,
has shown latent significance towards the intent to adhere to GE
for entrepreneurial purposes. Moreover, passion increases an in-
dividual’s positive feelings towards entrepreneurial actions and
is considered a motivational factor that positively affects their
decision to become an entrepreneur (Li ef al., 2020). Converse-
ly, there are hardly any studies that closely address this matter,
pointing to the most significant factors impacting entrepreneur-

ial intent through GE platforms or confirming the affective sig-
nificance of passion (Vasques et al., 2017).

The entrepreneurship literature supports the idea that pas-
sion predicts entrepreneurial intention, entrepreneurial orienta-
tion, and the formation of some entrepreneurial behaviors, such
as self-efficacy (Norena-Chavez & Guevara, 2020). Similarly, in
the GE literature, it is consensual that GWs’ belief in their capac-
ities is a decisive motivational factor that translates into self-effi-
cacy (Ravenelle, 2019).

Silva and Moreira (2022) have highlighted the significance of
GWS5s’ control over the products they offer and the affectivity of
activities mediated through platforms as critical determinants of
GE Entrepreneurship. Behaviors and engagement with services
on these platforms impact the GW’s personal and professional
experiences and are amplified by their passion for work (Vasques
et al., 2017). GWs are highly motivated to pursue entrepreneuri-
al opportunities in activities they are passionate about while also
being conscientious of their control (Gandini, 2016). However,
there is a gap in the relationship between passion and self-effi-
cacy towards various entrepreneurial factors, such as social sup-
port and entrepreneurial intention, which remain to be explored
using different populations and methods of analysis (Cardon &
Kirk, 2015).

Although passion has been assessed through its impact on
entrepreneurial outcomes, performance, and success, there is
a latent need to understand the foundations of an individuals
passion (Cardon & Kirk, 2015). Moreover, Cardon et al. (2009)
and Santos et al. (2020) note that it is important to further inves-
tigate the types of passion to predict entrepreneurial behaviors
individuals engage in without being strictly related to entrepre-
neurship, such as creativity and perseverance, with consequenc-
es for different entrepreneurial ecosystems and all stakeholders
involved. Therefore, assuming that individuals involved in GE-
based entrepreneurial activities are strongly motivated by pas-
sion (Codagnone et al., 2016; Huarng, 2018; Scheepers & Bogie,
2020), and consequently, tend to focus more on their endeavors,
this investigation also aims to confirm the sources of passion
found among GE entrepreneurs under the conceptualized sourc-
es of passion by Cardon et al. (2017). Therefore, to address these
gaps, this study seeks to answer the following research questions:

RQI: What are the main motivators influencing entrepreneurial
intention on GE platforms?

Are passion and self-efficacy among entrepreneurial in-
tention motivators in GE platforms? If so, how do they
relate to self-efficacy experience and knowledge compo-
nents?

If passion is one of the factors influencing entrepreneurial
intention in GE platforms, what are the types of passion

found among these GW?

RQ2:

RQ3:

In this study, we aim to uncover the main motivational fac-
tors using a phenomenological approach with a dataset compris-
ing 1164 observations. We utilized a mixed method involving
machine learning algorithms to identify factors and relevant
keywords based on frequency, which were then labeled. We
used topic probabilities associated with these factors in a Prin-
cipal Components Analysis (PCA) to determine their statistical
relationships and correlations. Additionally, we employed an
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algorithm to assess distributions by gender and innovator type,
distinguishing between innovators and non-innovators, which
played a central role in interpreting the results alongside other
variables.

This paper presents theoretical implications confirming
passion and self-efficacy, driven by experience or knowledge,
as drivers of GE entrepreneurship. It also reinforces the link
between passion and the experiential aspect of self-efficacy
while highlighting well-being as a significant motivational fac-
tor necessitating further exploration. Furthermore, the frame-
work of passion sources is tested and demonstrates its reliability
across various types of passion, while emphasizing the pursuit
of knowledge as a new foundation of passion. Notably, women
exhibited higher levels of passion and were more prominent in
innovation-related aspects.

The study has five sessions. Section 2 reviews pertinent lit-
erature on the topic and formulates research hypotheses. Sec-
tion 3 outlines the methodology, divided into two parts: first, it
employs machine learning techniques based on latent Dirichlet
allocation to identify emerging factors using topic and keyword
frequency analysis; subsequently, it employs the findings from
the first part to conduct cluster analysis and PCA to infer factor
correlations. Section 4 discusses the main findings and their the-
oretical and practical implications. Finally, Section 5 concludes
the study, offering key insights and acknowledging limitations
while suggesting future research directions.

2. Literature review
2.1. Passion, entrepreneurship and GE platforms

Passion, a powerful emotion, impacts motivation toward
specific concepts, individuals, objects, or activities and is linked
to affection, identity, and the willingness to invest time and en-
ergy (Santos et al., 2020). Two primary types of passion exist
(Murnieks et al., 2020; Vallerand et al., 2003): obsessive passion,
characterized by intense action regardless of outcomes, and har-
monious passion, rooted in self-control and meaningful motiva-
tion from life experiences. Those with high levels of harmonious
passion tend to pursue their goals more objectively than those
with lower levels.

In entrepreneurship literature, passion is considered a com-
plementary emotional trait that propels entrepreneurial activi-
ties through motivation and integration (Cardon et al., 2017).
It is fundamental for achieving business success, encouraging
entrepreneurial persistence, and is often referred to as the heart
of entrepreneurship due to its constant presence in studies on the
entrepreneurial process and creative entrepreneurial intentions
(Biraglia & Kadile, 2017). Passion also enhances self-efficacy, vi-
sion, and strategic behaviors, ultimately improving opportunity
perception and innovative thinking (Cardon & Kirk, 2015).

To investigate how passion’s antecedents influence entrepre-
neurial activity, understanding its sources is essential (Cardon
et al.,2009; Clarysse et al., 2015). Cardon et al. (2017) identify six
main sources of passion: Passion for growth (focused on busi-
ness development); passion for people (emphasizing stakeholder
relationships), passion for products/services; passion for com-

petition (desiring superiority); passion for inventing (motivated
by innovation); and passion for a social mission (dedicated to
solving problems for underprivileged groups).

The experience of doing something with passion is associat-
ed with enjoyment, a key determinant in the GE literature that
influences adherence to GE platforms (Liang et al., 2018). GWs
are driven not only by the financial benefits of their services but
also by the sense of meaningful contribution (Cho & Cho, 2020;
Choi & Choi, 2019). Autonomy, flexible schedules, and techno-
logical resources provided by GE platforms open doors for GW's
to develop themselves and serve as resources for self-improve-
ment (Burke et al., 2019; Ravenelle, 2019). Emotions associated
with their activities in this ecosystem play a crucial role in mo-
tivating their entry and sustaining their performance (Vasques
et al., 2017; Zhang et al., 2019). Consequently, building upon the
concepts of the sources of passion motivating entrepreneurship,
we propose the following hypothesis linking passion to GE plat-
forms:

HI. Passion is a factor that motivates the intention to entrepre-
neurship through GE platforms.

2.2. Entrepreneurship, knowledge and GE platforms

In behavioral studies, knowledge is based on previous inter-
actions or dedicated study (Roxas, 2014; Memon et al., 2019).
It contributes to one’s experiences and life journey. It is closely
tied to the process of learning and a practical interplay with a
certain matter or subject (Liguori et al., 2018; Sobakinova et al.,
2020). Observations and actions lead to unique personal expe-
riences and, consequently, knowledge (Lumpkin et al., 2011).
Knowledge and experience are intertwined, as in the entrepre-
neurial intention literature, where they are vital for the develop-
ment of self-efficacy (SE), perceived controllability and alertness
(Vamvaka et al., 2020).

SE is one of the most studied constructs that comprises the
intention towards a behavior, followed by controllability (Ajzen,
2002; Bolton & Lane, 2012; Carsrud & Brannback, 2009). Both
are components of perceived behavior control and are influenced
by knowledge and experience (Dempsey & Jennings, 2014; Zhao
et al., 2005). Accumulated experience builds confidence, and this
confidence is supported by internal and external factors, shaping
behavioral, normative and control beliefs that guide human be-
haviors (Ajzen, 2002).

In the entrepreneurship literature, knowledge and experience
indirectly influence self-efficacy, due to their affective experien-
tial and instrumental cognitive foundations (Liao et al., 2022).
These components play a pivotal role in forming constructs like
entrepreneurial intention, entrepreneurial orientation, alertness
and attitude towards entrepreneurial behavior, all influenced by
passion through affective experiential domains (Pfitzner-Eden,
2016; Wang et al., 2021). Entrepreneurial orientation (EO) stud-
ies link entrepreneurial knowledge (EK) and entrepreneurial
experience (EE) to positively performance (Santos et al., 2020),
innovation and alertness to opportunities (Yitshaki & Kropp,
2016). Yet, EK is highly associated with the development of EO,
and affects entrepreneurial growth (Hallak et al., 2011; Wach
et al., 2018), although research relating the impact of EK on in-
dividual EO is in high demand.
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Combining EK and EE significantly improves entrepreneurs’
likelihood of success (Roxas, 2014; Sobakinova et al., 2020).
Moreover, Wach et al. (2018) confirm the impact of EK and EE
on performance, highlighting their importance in facilitating
business and network building. Recent publications on social
capital show that entrepreneurs developing EK and EE stablish
valuable business networks, reinforcing the importance of sub-
jective norms in entrepreneurial intention (Ali & Yousuf, 2019;
Lifian & Santos, 2007; Sulistyani et al., 2022).

EK and EE drive the adoption of GE platforms in entrepre-
neurship, influenced by self-efficacy. GWs’ activities rely on
their experience and knowledge, reducing entry barriers re-
lated to finances, support, and networks (Belk, 2014; Netto &
Tello-Gamarra, 2020; Trabucchi et al., 2019). GE platforms serve
as facilitators, enhancing perceived controllability and reducing
fear of external factors, increasing knowledge acquisition and
benefiting self-efficacy (Burtch et al, 2018). Slack resources

contribute to platform-based knowledge/experience (Klarin &
Suseno, 2021). More connections lead to increased EK and EE,
forming the basis for self-efficacy and perceived controllability
(Silva & Moreira, 2022). Furthermore, GWs are involved in en-
trepreneurial activities on GE platforms not only for economic
reasons but also due to emotional factors like passion, which
positively influence entrepreneurial intention, self-efficacy and
alertness. Based on this, the following hypotheses are proposed
and presented in Figure 1:

H2. The relationship between GWs and GE platforms contrib-
utes to the development of self-efficacy through experience (SEE).

H3. The relationship between GWs and GE platforms contrib-
utes to the development of self-efficacy through knowledge (SEK).

H4. GW5s’ self-efficacy through experience (SEE) correlates
with passion.

Hb5. The self-efficacy of GWs through knowledge (SEK) corre-
lates with PA.

Figure 1
Research model of the investigation

Source: Own elaboration.

3. Methodology
3.1. Main steps

To ensure precision, a two-step phenomenological approach
(Cardon et al., 2017) was executed in R for machine learning. This
open-source software, utilized for statistical analysis and visual-
ization, enabled the inference of statistically significant factors
(R Core Team, 2022). Machine algorithms automatically deter-
mine topics and their meanings, enhancing machine learning’s
robustness in this research. Step one encompassed online data
collection, including temporal, gender, product offerings on GE
platforms, and “about me” textual profiles, inveigling motivations.
The analysis combined deductive unsupervised machine learning
and inductive qualitative methods to identify core latent topics.

The second step entailed assessing the relatedness between
the identified themes and the theoretical definitions proposed
by Cardon and Kirk (2015) and Cardon et al. (2017). The top-
ics derived from users’ descriptions were contrasted with theo-
retical frameworks to proxy sources of passion and self-efficacy
through experience and knowledge. Additionally, the definition
of innovation —based on Yuan et al. (2016), to find solutions
through technology to solve problems combining new applica-
tions with existing resources— was employed to evaluate pas-
sion for growth, passion for products, and passion for inventing.
GWs have shown availability, transforming their online service
delivery through technical solutions and altering elements of the
previous model/system (Liang et al., 2018). Therefore, the user’s
start date and number of offers on the platform were used to
proxy innovation using binary codes (innovators or non-innova-
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tors). Innovators were those providing diverse experiences and
those who registered prior to March 2020, coinciding with the
OMS’s confirmation of the Covid-19 pandemic and the intro-
duction of online features by GE platforms.

3.2. Data collection and Sample

The data collected in this research closely mirror the ap-
proach used by Williamson et al. (2022), which employed sec-
ondary data for netnographic analysis. Specifically, on May 5,
2022, we accessed the platforms Airbnb, Tour by Locals, and
Withlocals to gather user descriptions related to their tourism
services. Our data collection was exhaustive, encompassing in-
formation from openly accessible profiles worldwide at that
time, without any specific language or demographic restrictions.
This comprised 40.9% men, 53.8% women, 5.1% couples (2 indi-
viduals), and 0.3% groups (more than 3 individuals).

The scraping technique was used to optimize the collection.
This method utilizes a pre-defined algorithm to systematically
navigate through pages and extract the relevant data (Ferrara
et al., 2014), encompassing all online tourism experiences of-
fered on the three websites. The data retrieved from these sourc-
es yielded 1173 observations and six variables, including name,
activity, host, entry date, location, and page link. Subsequently,
this data was organized into a table sheet as the initial step in
the pre-processing phase. To further refine the data, a CSV file
was imported into the R studio environment for the subsequent
cleansing process.

3.3. Methods and techniques

This study utilized a mixed methods approach, exploring
topics through Latent Dirichlet Allocation (LDA) analysis and
reinforcing the hypotheses through K-means clustering and
Principal Component Analysis (PCA).

3.3.1. TF-IDF

Term frequency inverse document frequency (tf-idf) was
used to identify the most relevant terms. It refers to the impor-
tance of a term within a corpus of documents based on the equa-
tion

idf(term) = In ( . documents )
documents containing term

to measure the weight of a word by its collocation. Common-
ly used words appearing in all collections are scored with low
values, and those that are used less overall are highly scored.
Therefore, they are adjusted in a compound by combining the
multiples of frequency and rarity of the terms in descending or-
der. This procedure also yields a median utilized in establishing
the minimum accepted frequency probability per document.
This aids in determining the sparsity threshold for computing
the quantity of terms to be excluded from the corpus. Put simply,
following the computation of tf-idf scores, we also compute the
tf-idf median for the entire corpus of documents, which in turn
assists in pinpointing the minimum accepted frequency proba-
bility.

3.3.2. LATENT DIRICHLET ALLOCATION ANALYSIS

LDA is a probabilistic model widely used in text analysis for
topic modelling. LDA assumes that documents are mixtures
of topics and topics are mixtures of words (Blei et al., 2003). It
employs Dirichlet distributions to represent these mixtures,
with Dirichlet parameters (a) influencing the distribution char-
acteristics and the discovery of topics (Wallach et al., 2009).
This machine learning technique does not require a predefined
dictionary or interpretative rules for identifying latent clusters
of co-occurring words in a collection (Hannigan et al., 2019).
Instead, it establishes correlations between words within docu-
ments, and treats them as topics of interest.

The LDA model is described by the equation: 6, ~ Dlal],
¢, ~DIPl, z, ~ 6, x, ~ ¢, where a and p are the prior Dirichlet pa-
rameters automatically computed via a statistical Dirichlet distri-
bution (Newman ef al., 2009). 6, represents the topic distribution
for document j, ¢, signifies the word distribution for topic k, z,
denotes the topic for the ith word in document j, and x; indicates
a specific word (Blei et al., 2003). The machine learning algorithm
computes suitable Dirichlet prior distributions o and f3 based on
the data using the Topicmodels package v0.2-12 in R (Griin et al.,
2021). The key outputs derived from LDA include the extracted
topics, their constituent keywords ranked by probability, gamma
(y) values quantifying overall topic popularity, and theta (0) values
representing topic prevalence in specific documents.

3.3.3. GIBBS SAMPLING

This study applied the generative Gibbs sampling meth-
od, a validated Markov Chain Monte Carlo (MCMC) technique
(Mimno et al., 2008). It iteratively estimated latent topics within
documents while determining the statistically optimal number of
topics (k). To mitigate human bias, a comprehensive set of four
metrics was utilized (Arun et al., 2010; Cao et al., 2009; Deveaud
et al., 2014; Griffiths & Steyvers, 2004). Building upon LDA, the
unsupervised Gibbs method (Mimno ef al., 2008) probabilistical-
ly identifies the optimal k value, processes local data, and maps
term co-occurrences across documents and topics. The machine
deductive algorithm, utilizing the R package Topicmodels 0.2-12
(Hornik & Griin, 2011), ensures an automated statistical approach.

3.3.4. K-MEANS CLUSTERING

These initial parameterization of these LDA topics involved
cluster analysis using the k-means algorithm. Additional statis-
tical validation was achieved through an additional cluster anal-
ysis conducted using the KablExtra 1.3.4 and DoParallel 1.0.17
libraries in R Studio (Daniel et al., 2022; Zhu et al., 2021). This
approach offered enhanced comprehension of topic distribution
within the document collection. The cluster analysis aimed to
provide a deeper understanding of how topics were distributed
across the collection of documents under study. This step en-
hances the researchers’ understanding of distribution patterns
and relationships among the identified topics, contributing to
the overall robustness of the analysis. The works of Zhu et al.
(2021) and Daniel et al. (2022) served as key references and re-
sources for implementing this statistical validation approach.
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3.3.5. PRINCIPAL COMPONENT ANALYSIS

PCA was conducted to quantitatively validate hypotheses de-
rived from LDA topics. PCA utilizes eigenvalue decomposition, ef-
fectively reducing multidimensional data into principal components
(Jolliffe, 2002). The LDA topics, parameterized through a cluster
analysis using the k-means algorithm, were subjected to PCA to
identify relationships among topic dimensions, based on the prox-
imity of eigenvectors and eigenvalues (Abdi & Williams, 2010). The
fraction of the total variance explained by each dimension effective-
ly highlighted the core topics. This analytical shift from exploratory
LDA to confirmatory PCA empowered the statistical validation of
hypothesized relationships, relying on the outcome of PCA for topic
correlations rather than solely on the qualitative LDA results. Fur-
ther statistical validation was achieved through an additional cluster
analysis conducted using the KablExtra 1.3.4 and DoParallel 1.0.17
libraries in R Studio (Daniel et al., 2022; Zhu et al., 2021), enhancing
comprehension of topic distribution within the document collec-
tion. Simultaneously, PCA was applied, considering the probability
of observations appearing in each cluster (topic), and subsequently
dimensionally reduced it to calculate topic variance based on eigen-
values. The reduction of dimensions and cross-validation of identi-
fied topics were executed using the k-means algorithm parameter-
ized by the machine (Chan et al., 2013).

3.4. Pre-processing

The pre-processing protocol comprised seven steps, as de-
picted in Figure 2. This process included:

1. Translating all texts into English using the TranslateR 1.0 pac-
kage (Lucas & Tingley, 2015). While most observations were
already in English, translation ensured full English readability,
with results reviewed by the authors to enhance reliability.

2. Creating a corpus containing all texts about the host, utili-
zing the Pdftools 3.3.0 and TM 0.7-8 libraries in R Studio

(Feinerer, 2015; Ooms, 2022). The “about the host” variable
was transformed into a unified full corpus.

3. Performing a preliminary cleansing process to eliminate
non-contributory words for topic formation. This included
encoding the corpus in a UTF-8 pattern, converting words
to lowercase to prevent errors in detecting special characters,
removing stop words (e.g., “the,” “is,” “and,” “for;” “can”), as
well as eliminating numbers, whitespaces and punctuation.

4. Carrying out the second phase of the cleansing process, where
recurring non-representative terms, persisting in the corpus
after the initial cleansing, were removed using an algorithm.

5. Implementing stem processing to retain only the word stems,
thus replacing words with the same meaning and plurals.
This prevents bias through double calculations in statistical
inferences. The algorithm identifies and retains only the core
of the words. As for instance, it keeps only the “experi” from
“experience” and “experiences’, counting them as the same
term. It enriches topic modelling and avoids bias through
double calculations in statistical inferences.

6. Applying term frequency inverse document frequency (¢f-idf).

7. Applying the determined median (0.16975) from the #f-idf mo-
del to the corpus, as referenced in Table 1, to establish the mini-
mum accepted frequency probability per document. This con-
tributed to defining the sparsity value (<0.983%) to determine
the number of terms to omit from the research. Consequently,
nine observations were excluded, as they did not contain any of
the identified tf-idf terms, resulting in 1164 remaining observa-
tions. The most frequently used terms are presented in Figure 3.

Table 1
Summary of tf-idf to define sparsity and terms to omit
Min. 1st Qu. Median Mean 3rd Qu. Max.
0.03158 0.13447 0.16975 0.19598 0.21670 4.07395

Source: Own elaboration.

Figure 2
Protocol modelled for pre-processing step

Source: Own elaboration.
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Figure 3
Word cloud with the most frequent terms

Source: Own elaboration.

4. Data Analysis
4.1. Topic modelling

The Gibbs method was initially applied before LDA to de-
termine the statistically optimal number of topics (K) emerging
from the document corpus. To ensure reproducibility, a fixed
seed of 77 was chosen, which guarantees consistent results each
time random numbers are generated. A fixed seed asserts the
same results every time that random numbers are generated.

This is particularly valuable in fields like statistics, machine
learning, and simulations, where replicating experiments or
analyses is essential for validation and comparison.

Four metrics were considered (Arun et al., 2010; Cao et al.,
2009; Deveaud et al., 2014; Griffiths & Steyvers, 2004) to provide
insights into the number of topics required. CaoJuan2009 and
Deveaud2014 metrics exhibited consistent decreases in values as
the number of topics decreased, indicating improved topic co-
herence and distinctiveness. In contrast, Griffiths2004 shows an
ascending trend, suggesting a better model fit with fewer topics.
Most notably, Arun2010 displayed a substantial increase in val-
ue as the number of topics decreased, reflecting enhanced topic
interpretability.

Figure 4 reveals a range of latent topics from 4 to 12. How-
ever, a closer examination of Figure 5 confirmed the presence of
six statistically significant latent topics. This robust statistical ev-
idence supports the choice of six topics as the optimal configura-
tion for topic modelling analysis. The selection is influenced by
contextual factors, the corpus size, which encompasses 495 fea-
tures, and the dataset’s nature, which comprises 1164 individual
observations (Lakshminarayanan & Raich, 2011; Mimno et al.,
2008). This decision harmoniously aligns with our dataset’s
unique characteristics, ensuring that the resulting topics are not
only statistically sound but also contextually relevant to our re-
search domain. These findings collectively validate the selection
of six topics, striking a balance between quantitative metrics and
meaningful topic interpretation in alignment with research ob-
jectives and dataset characteristics.

1.00 -
0.751
@
N
0.501 E
£
=
0.251
metrics:
® CaoJuan2009
0.001
A Deveaud2014
1.00 - -
B Giiffiths2004
-+ Arun2010
0.751
@
N
0.50 £
[u]
£
0.251
0.001

2345678 0101112131415161718192021222324252627 282930313233 343536 37383940

number of topics

Figure 4
Topic-probability visualization

Source: Own elaboration.
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Figure 5
Topic-probability dendrogram
Source: Own elaboration.

The (k) value based on the outcome of the Gibbs sampling
procedure was used to access the data, as shown in Figure 6,

data (Sagadevan et al., 2022). As mentioned above, the seed
number of 1961 was also set to the LDA to ensure reproduc-

using LDA to capture substantial inter-intra structures of the  ibility.
LDA
Dirichlet .
distribution with a =0.833 _— TOPI(_:S_ ----= 6 topics
composition s
T 30 terms
_"'El-i-llej"” Number of 9 2 Probability of
documents in { [ opcaven
collection S J’ document §
e Words
\\ distribution 5
f DTMwith p Topic
t 495 S o B e | | Z H——T— assigned
\ = | otal num| 4 3
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l topic k .
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Figure 6

Protocol model for topic-modelling steps

Source: Own elaboration.
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Alpha (a) and beta (P) hyperparameters, governing top-
ic-document and topic-word distributions respectively, were not
predefined but algorithmically inferred by the model to tailor
Dirichlet prior to the data. The model estimated an alpha val-
ue of 0.833, indicating uniform topic mixtures among the doc-
uments. This automated approach ensured parameters tailored
to the data without imposing strong preconceived assumptions
(Wallach et al., 2009). The authors prioritized the statistical cor-
relation identifications by machine before conducting contextual
inductive analysis.

A total of 500 iterations were employed with a burn-in of
0 iterations to achieve model convergence. This optimal num-
ber of iterations assured a stable state, and converges the model
throughout its execution. Following best practices (Blei et al.,
2003; Lakshminarayanan & Raich, 2011), the log-likelihood

value that quantifies the model’s fit to the data, stabilized at
-215963.3. This stabilization indicates that our LDA model had
reached a relatively stable state in terms of performance. Addi-
tionally, perplexity, a metric used to assess model quality, was
calculated to be 351.6628, which also suggests that the model
provided a satisfactory representation of the data, as shown in
Figure 7.

Beta weights were estimated using automated procedures as a
6 x 532 matrix representing the word distributions for each topic.
The machine-generated weights provided an objective statistical
foundation for understanding the topic-word relationships pri-
or to being accessed by the authors for inductive analysis. This
data-driven approach increases the robustness of merging auto-
mated statistical outputs with human interpretative processes to
interpret and contextualize topics on behalf of the research goals.

Figure 7
Log-Likelihood Convergence Plot

Source: Own elaboration.

4.1.1. TOPIC MODEL ANALYSIS

After setting the optimal number of six latent topics, LDA
identified the words to compose each topic through the assigned
probabilities, ranking them in decreasing order to determine
their influence on the topic’s meaning. The authors considered
the keywords with the highest probability in each specific topic
based on their theta value, accounting for the model’s admixture
approach allowing a word to belong to different topics. Further-
more, the algorithm specified the gamma value of each topic to
gauge its relevance to the model.

Following automated extraction, the authors proceeded
with the interpretative phase, conducting a qualitative analy-
sis to make sense of the topics and their respective word lists
according to the observations they were related to. The inter-
pretation involved relating the terms to the broader context of
our research objectives and existing knowledge. This process

allowed the calibration of topics and align with the study’s nu-
ances.

Before starting the labeling process, the corpus containing all
texts was reverted to its initial format of individual observations
using the Quanteda R package. This library, designed for quan-
titative textual data analysis, facilitated the transformation of the
table back to its original form, including new columns for var-
iables: topic number, label, keywords, and gamma values. This
approach increased the reliability of interpreting topic meanings
in the contextual inductive analysis, as it exposed the authors to
the top-30 terms of each topic and the most relevant statistically
assigned observations (Benoit et al., 2018), as seen in Table 2,
Figure 8, and Figure 9. This procedure mitigates bias and guides
the researchers’ work (Maier ef al., 2018). Additionally, a statisti-
cal approach considering the top-10 words and their probability
scores complemented the authors™ qualitative interpretation in
naming the topics through thorough analysis.
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Table 2
Topics, keywords, gamma, and referred observations

Topic number Label by beta Top 30 keywords Gamma N Obs. Related Obs.

Experi love sinc  Experi, love, sinc, best, enjoy, profess, connect, happi, virtual, person, 523,710, 775,

1 best enjoy profess start, rome, guest, decid, job, focus, design, realli everyone, got, activ, ~ 0.1692834 135 798, 887
connect alway, italian, moment, tourism, communit, real, ever, offer, opportun. ’
Passion share love Passion, share, love, cultur, countri, friend, born, live, special, uniqu,
. L1 . . . . 62, 986, 244,
2 cultur countri meet, stori, discov, lot, rai, region, tourism, local, thing, amaz, wonder, 0.1680775 173 364 172
friend born everyth, secret, work, qualifi, expert, hope, goal, give, main. >
Work creat Work, wine, creat, knowledg, team, event, includ, natur, compani, univ,
S . . 103, 114, 118,
3 knowledge team  experi, live, intern, profess, busi, degr, industry, show, educ, top, tast, 0.1668134 185 230233
wine event includ nation, organ, bar, excit, award, photographi, workshop, entertain, creativ. ’
Experi famili Experi, cook, food, host, onlin, famili, airbnb, guest, tradit, togeth,
. . o 24,31, 42,222,
4 cook food host start, review, eat, japan, learn, class, star, chef, past, recip, kitchen, 0.1661938 225 332
onlin airbnb welcom, cuisin, restaur, delici, instagram, authent, bring, grew, bake.

Tour guid histori  Tour, guid, travel, cit, histor, beaut, local, visit, interest, feel, place, 9. 107. 659

5 citi travel beauti  privat, alway, group, area, walk, custom, licen, tourist, offer, let, trip, 0.1657290 219 200, 825
local english, explor, histor, look, town, museum, plea, everi. >
Art, life, teach, Art, life, teach, music, studi, perform, yoga, practic, artist, school,
. . . . . . s . 60, 71, 205,
6 practic, music, mind, teacher, master, danc, magic, train, certif, game, inspir, believ, 0.1639029 227 284 291
studi, perform, current, age, use, journey, medit, client, taught, combin, heal, techniqu. >

Source: Own elaboration.

Strongest words by topic

Topic 01 Topic 02 Topic 03
experi ‘ passion ‘ work |
love ‘ share ‘ wine
sinc love ‘ creat _
best cultur ‘ knowledg _
enjoy countri team _
profess friend event _
connect born natur _
happi live includ _
virtual special compani _
person uniqu univ _
Topic 04 Topic 05 Topic 06
experi ‘ tour art
cook ‘ guid teach _
food | travel life _
host ‘ citi music _
onlin histori studi _
famili I:l beauti - perform _
airbnb _ local - yoga _
guest _ visit - practic _
tradit - interest - artist _
togeth - feel - school -

Figure 8
Strongest keywords by topic

Source: Own elaboration.
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Figure 9
Main observations by topic

Source: Own elaboration.

4.1.2. ToPIC MODEL PER DESCRIPTIVE STATISTICS AND CON-
TROL VARIABLES

The R function GenderizeR 0.6.0 was additionally employed to
determine the gender of GWs, serving as a control variable. This li-
brary uses a localized database from various countries to conduct a
statistical analysis, accurately assigning gender based on (Santamaria
& Mihaljevi¢, 2018; Wais, 2016). The researchers randomly reviewed
the results, and all of them had a certainty score no less than 0.75 -
from 0 to 1. In addition to gender, two other nominal variables were

also recorded: “couple;” indicating products developed by two indi-
viduals on the GE platform; and “group,” denoting cases where more
than two individuals offered the gig (see Table 3).

Furthermore, the innovation feature was calculated by con-
sidering the date frame variable. GWs with a profile on GE plat-
forms before March 2020 or those offering multiple experiences
were assigned a value of 1; otherwise, 0. The aforementioned
procedure resulted in a new CSV file comprising 1164 obser-
vations and eight variables, including innovation, topic number,
and gender (see Table 3, 4 and 5).

Table 3
Descriptive statistics of the data by gender and other nominal groups
Gender Topics Total
T1 T2 T3 T4 T5 T6
# % # % # % # % # % # % # %
Men 38 33 91 7.8 64 5.5 87 7.5 70 6.0 126 10.8 476 40.9
Women 75 6.4 144 12.4 94 8.1 86 7.4 76 6.5 151 13.0 626 53.8
Couple 2 0.2 0 0.0 11 0.9 6 0.5 25 2.1 15 1.3 59 5.1
Group 0 0.0 1 0.1 0 0.0 0 0.0 1 0.1 1 0.1 3 0.3
Total 115 9.9 236 20.3 169 14.5 179 15.4 172 14.8 293 25.2 1164 100.0

Source: Own elaboration.

Management Letters / Cuadernos de Gestion (2023) 1-19



The role of Passion and Self-Efficacy in entrepreneurial activities in the gig economy

13

Table 4
Descriptive statistics of the data by innovation variable
Innovate Topics Total
T1 T2 T3 T4 T5 T6
# % # % # % # % # % # % # %
No 11 0.9 23 2.0 11 0.9 18 1.5 31 2.7 52 4.5 146 12.5
Yes 104 8.9 213 18.3 158 13.6 161 13.8 141 12.1 241 20.7 1018 87.5
Total 115 9.9 236 20.3 169 14.5 179 15.4 172 14.8 293 25.2 1164 100.0
Source: Own elaboration.
Table 5
Descriptive statistics of the innovation variable by gender
Innovated Gender Total
Men Women Couple Group
# % # % # % # % # %
No 58 5.0 80 6.9 8 0.7 0 0.0 146 12.5
Yes 418 35.9 546 46.9 51 4.4 3 0.3 1018 87.5
Total 476 40.9 626 53.8 59 5.1 3 0.3 1164 100.0

Source: Own elaboration.

4.2. Clustering and PCA

A cluster analysis was conducted to provide statistical val-
idation through visualization using the KablExtra 1.3.4 and
DoParallel 1.0.17 libraries in R Studio (Daniel et al., 2022; Zhu
et al., 2021). It enhances the comprehension of topic distribution
across the various documents in the collection. Additionally,
PCA was performed. It considered the probability of observa-
tions appearing in each cluster (topic) by analysis of Theta and
Gamma value correlations before dimensionally reducing it to
calculate the topic variance based on its eigenvalues. The ma-
chine parameterized k-means was used for cross-validation of
the identified topics and dimensionality reduction (Chan et al.,
2013).

To augment the depth and rigor of the analysis, the research-
ers employed PCA as a complementary method to LDA. While
LDA offers insights into term-topic-document relationships
and latent topics, it is essentially exploratory. In contrast, PCA,
known for its confirmatory nature, quantifies these relation-
ships, contributing to hypothesis validation through explorato-
ry visualization (Jollife & Cadima, 2016; Ogunleye et al., 2023).
The application of PCA to LDA topics rigorously confirmed the
extent to which these topics relate to the research questions, sig-
nificantly enhancing the credibility and validity of the findings
(Inoue et al., 2023). This strategic blend of statistical explorato-
ry and confirmatory analyses strengthens the study’s robustness
(Sosianika et al., 2018; Koyuncu & Kilig, 2019; Shahrakipour,
2021).

The percentage of variance in Table 6 reveals the core of the
six topics, facilitating further analysis. The visualized proximity
between dimensions helped confirm the topics’ meanings by as-

sociating them and analyzing the proximity of centroids, thus es-
tablishing their relevance. Hypotheses H4 and H5 are confirmed
as RQ2 is addressed based on the proximity of the dimension’s
core.

Table 6
PCA’s summary

Dimensions Eigenvalue Variance %  Cumulative Variance %
Dim.1 1.6 259 259
Dim.2 14 22.7 48.6
Dim.3 1.2 19.3 67.9
Dim.4 1.0 17.4 85.3
Dim.5 0.9 14.7 100.0
Dim.6 0.0 0.0 100.0

Source: Own elaboration.

5. Results

5.1. Topic model findings

After applying the aforementioned protocol, as depicted in
Figure 6, to answer RQI, the topics were labeled as follows: Top-
ic one (T1) was designed as “professional experience,” reflecting
the GW’s intention to further develop themselves through pro-
fessional experience. It conveys the perceived opportunity to act
focused on their offered gig to activate and connect with their
guest (user) in a real and enjoyable way; Topic two (T2) was ti-
tled “passion for sharing,” signifying GW’s joy in sharing their
expertise with clients; Topic three (T3) was named “knowledge
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through creative work and education,” linked to educational
experiences through business or scholarly paths, involving re-
lations that contribute to acquiring knowledge. Topic four (T4)
is tagged as “classic traditional experience.” It is associated with
the experience acquired through familiar or community learn-
ing of GWs. They are focused on authenticity and specialized
in the field of their offers. Topic five (T5) relates to the “GW’s
interest in showing their feelings,” reflecting the GW’s interest
in showcasing the places they guide. There is a demonstration of
pleasure in offering their look at the town, exploring historical
places with a singular view. Topic six (T6) was labelled “well-
being experience;,” emphasizing the GW’s aim to inspire users
with mastered experiences.

5.1.1. DESCRIPTIVE STATISTICS AND CONTROL VARIABLES

Table 3 illustrates a balanced gender distribution within the
sample, with a higher percentage of women (53,8%). The major-
ity of participants engaged in innovation through GE platforms
(87.5%), as shown in Table 4. Women accounted for 46.9% of the
innovators in the sample, whole products offered in groups were
the least representative (0.3%) (Table 5). Additionally, as shown
in Table 3, T6 and T2 emerged as the most prominent topics
within the sample (25.2% and 20.3%, respectively) and were par-
ticularly representative within the women’s population (13% and
12.4%, respectively). Despite T1 having the highest gamma value
(based on the frequency and inverse frequency) (Table 2), it was
not the topic with the most frequently used words by individuals
in the sample. Furthermore, the population with a passion for
sharing (T2) and well-being experience (T6) exhibited the high-
est number of identified innovators.

5.1.1. Torics AND HYPOTHESES

To address RQ2, the authors examined topic formation and
associations. T1 and T2 confirm H1, as the terms found in both
topics were associated with the passion that motivates GWs
when offering their gigs and products on GE platforms.

H2 received confirmation from T1, T3, and T4, indicating
that the interaction between GWs and GE platforms contributes
to their entrepreneurial learning curve and personal develop-
ment. Based on previous or actual interactions, the relationships
among peers through these platforms contribute to personal and
professional development and support an increase in SEE.

T3 corroborated H3 by revealing that internalizing knowl-
edge is influenced by previous learning experiences through ed-
ucational or professional interactions and is amplified through
relationships between peers on GE platforms to achieve business
value. This corroborates the assumption that, when involved
with entrepreneurial activities, GWSs are prone to increase their
SEK supporting increased SEK.

5.2. Confirming results with PCA

As seen in Figure 10, PCA confirmed six nodes with high
proximity between four of them. Node one and two, correspond-
ing to T1 and T2, supported the validation of H4, emphasizing
the relationship between SEE and GWs motivated by passion.
On the other hand, dimensions three and four, T3 and T4, re-
spectively, slightly overlap dimension two, but the central nodes
of their centroids are quite different. However, H4 is validated
due to the distance between the cores of the centroids, which is
mainly influenced by nodes one and two.

Figure 10
Observation distribution by the six identified dimensions
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Node three, T3, does not contribute to confirm H5. Its dis-
tance from node two, even with some overlapping, is large, which
leads to the assumption that SEK is not correlated with the GWs
passion. Nevertheless, nodes five and six, T5 and T6, present a
significant proximity and overlap between them, and are very
close to node three, which will be discussed further. Table 7 sum-
marizes the results of this study.

5.2. Passion through proximity of the topics

To respond to RQ3 all previous findings were considered.
Therefore, passion for growth was found through the analysis of
the close core relationship between T1 and T2 and the probabil-
istic proximity with T6 (Figure 10). Moreover, Table 4 shows that
T1, T2, and T6 represent 47.9% of the ones that innovated. This
assumption was made because of the search for development as-

sociated with the persistence of keeping their businesses on the
platforms, even if reformulation of the products was required.
From this perspective, passion for products/services and passion
for inventing was confirmed.

Passion for people is found in the core proximity between T5
and T6, and T2 connects through some vertices, as shown in Fig-
ure 10. Therefore, 60.3% of the players share their products moti-
vated by the passion they have for connecting with people through
experiences, which is the main explanation for this source of pas-
sion. Furthermore, aggregating the association with T4 confirms
passion for a social mission. They represent 75.7% of the sample,
motivated by their will to connect with people, community, and
share experiences at the same time, impacting their perceptions
of their culture, society, and behaviors. Their intent is to create or
consolidate a positive perception of their community or the cul-
ture they are part of. Passion for competition was not confirmed.

Table 7
Summary of results

Research questions Hypothesis # Synopsis of hypotheses

Topics

Findings

T1 - Experience cumulation
T2 - Passion sharing
T3 - Knowledge and creativity

RQ1 Motivating fact
Q otvatig factors T4 - Classic traditional experience
T5 - Feeling community local
T6 - Well-being experience
H1 GE relates with PA T1and T2 Supported
H2 GE relates with EE T1,T3and T4  Supported
RQ2 H3 GE relates with EK T3 Supported
H4 EE relates with PA T1and T2 Partially supported
H5 EK relates with PA Not Rejected
RQ3 Sources of passion Passion for growth; Passion for people; Passion for product/

services; Passion for innovation; Passion for social mission.

Source: Own elaboration.

6. Discussion

This research contributes to the understanding of passion
and self-efficacy as key motivators for entrepreneurship among
GWs on GE digital platforms. It reveals that passion, self-efficacy
through experience, and knowledge drive GWs to venture into
entrepreneurship. The study involved a two-step process, begin-
ning with LDA topic modeling of 1164 observations from GWs’
profiles to unveil their motivations for offering products on GE
platforms. Six topics were identified, with two confirming the
importance of passion for business activities on GE platforms.
This highlights the role of passion as a determinant in entrepre-
neurial orientation or intention beyond a narrow entrepreneur-
ship-focused approach.

Moreover, the study found that self-efficacy through expe-
rience and knowledge motivates GWs to engage with GE plat-
forms as an initial step toward entrepreneurship, increasing their
perception of self-control. The strong association between topics
related to sharing life experiences and accumulated knowledge

underscores the value of self-awareness and locus of control in
entrepreneurial endeavors.

Second, further analysis using PCA reveals that while pas-
sion is closely linked to self-efficacy through experience, it has
a weaker connection with self-efficacy through knowledge. This
suggests that passion’s influence on offering services on GE plat-
forms is primarily driven by the desire to gain experience, rather
than knowledge, which requires emotional involvement.

Third, two distinct groups emerged based on core proximity
analysis. The first group, composed of T1 and T2, reflects GWs
who engage with GE platforms not solely for business but out of
genuine affection. They derive passion and satisfaction from their
work, drawing on past experiences or pursuing new ones. The
second group, encompassing T5 and T6, is motivated by an inner
sense of well-being and a desire to share personal appraisals about
places, objects, or activities. The convergence of these groups
highlights GW's with a heightened inclination for innovation.

Incorporating T4, which reveals an intent to impact the com-
munity and preserve local social and cultural traditions, nearly
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all passion sources are represented, aligning with Cardon et als
(2017) findings. The exception is passion for competition, which
remains elusive due to limited control imposed by GE platforms.
These platforms offer a range of features, but control is vested
in algorithms determining which results occupy the top tier of
the page.

Although GWs can enhance their services, innovate tech-
nically, and leverage positive reviews to expand their reach,
full comprehension of the platforms’ underlying artificial in-
telligence (AI) remains obscured. This underscores existing
literature highlighting policy and AI implications that restrict
entrepreneurs from exercising complete control over their busi-
nesses.

T3 is conspicuous for not aligning with established passion
sources. Neither automated statistical analysis of keywords and
observations nor authors’ visual assessments reveal a connec-
tion to any known passion source. This suggests that T3 may
represent an undiscovered passion source arising from this
study. While it typically derives from other factors or goals, like
experience transfer (Geissinger et al., 2019), it might signify a
novel source: a passion for knowledge. Moreover, the proximity
between T3 and T2 implies that Self-Efficacy through Knowl-
edge (SEK) accumulates from Self-Efficacy through Experience
(SEE), contributing to the understanding of GE platforms as an
urgent entrepreneurial ecosystem, impacting entrepreneurial in-
tention through self-efficacy accumulation.

The findings further endorse existing literature suggesting
that GE platforms empower women in entrepreneurship (Md
Isa et al., 2020; Silva & Moreira, 2022). The sample reveals that
women offer a higher number of products than men and exhibit
greater innovation in leveraging GE platforms for their entre-
preneurial activities. They have pioneered novel approaches to
selling their services online, demonstrating heightened sensi-
tivity to identifying opportunities and a strong sense of alert-
ness. Hence, it can be argued that this outcome is associated
with women’s greater pursuit of passion and well-being when
engaging with GE platforms for entrepreneurial endeavors. This
is substantiated by the larger percentage of women displaying
passion for growth, people, products, innovation and social
mission.

Lastly, GWs with pre-existing relationships with GE plat-
forms demonstrate a keen awareness of business opportunities
and are more adept at developing new services within the eco-
system, drawing on their prior experiences. In conjunction with
topics related to the impact and well-being of GWs’ communi-
ties, it is reasonable to assert that GE platforms are fostering a
sustainable entrepreneurial environment. By mitigating risk, fos-
tering innovation, and alleviating resource constraints, GE plat-
forms dismantle barriers to the development of entrepreneurial
ideas that extend beyond mere profit.

7. Conclusion

This investigation has several practical implications, rein-
forcing established theories. First, GWs display high levels of en-
trepreneurial alertness and tend adopt GE platform’s innovation
strategy. Their motivation stems from passion and self-efficacy

for their products, lowering barriers related to resources and
social capital, reducing entry risk of GWs and fostering a fair
entrepreneurial ecosystem. This suggests that GWs, driven by
passion, prioritize well-being over pure profit.

This study aligns with existing theories on entrepreneurs’
sources of passion, confirming Cardon et al’s (2017) framework.
The innovative methods employed, such as LDA to mitigate top-
ic modeling bias and inductive statistical inferences, expand the
understanding of the phenomenological approach. The research
protocol, emphasizing efficiency in data access, preprocessing,
and analysis using R packages, contributes to knowledge build-
ing. While the study covered data from the initial three GE plat-
forms, further research could explore additional platforms with
different business activities.

Though the study did not confirm passion for competition
as a motivation factor, it underscored the significance of knowl-
edge and well-being. Consequently, further research is needed
to explore this phenomenon from a different angle. Lastly, re-
searchers may apply similar methods to different populations,
such as students, or employ alternative research approaches to
solidify the importance of passion, extending beyond early-stage
entrepreneurship on GE platforms.

This investigation presents certain limitations, including its
focus on data from the only three GE platforms innovating on
online tourism experiences at the time, which may limit its gen-
eralizability to other platforms due to their unique purposes and
dynamics. The study’s collective analysis of GWs without demo-
graphic granularity suggests a need for a more detailed approach
to understanding their particularities. The evolving GE plat-
forms highlight the importance of considering temporal factors
and their influence on motivations and strategies, necessitating
longitudinal studies. The method employed in this investiga-
tion is novel and requires further exploration and refinement,
prompting new research to adopt its principles and integrate
different databases and metrics. Lastly, the correlation between
innovation and GE platforms demands a more comprehensive
investigation.
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