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Abstract
The factors contributing to the survival of startups are an emerging area of research, 
requiring a deeper understanding of the variables that influence their success. This 
study employs data mining techniques to analyze the relationship between business 
segments, target audiences, income models, business stage, and the survival rate of 
startups in Brazil. Starting from a public, unique Brazilian startups research data-
base with 12,207 listed startups, we create a dataset of 2249 technological-based 
startups in the most representative business segments, such as education (Edutechs), 
finance (Fintechs), biology (Biotechs), and others. We call the business segment the 
“X” variable, the term’s origin in X-Tech. Our initial hypothesis was that the busi-
ness segment (“X” variable) was a determinant of business survival. This dataset 
was used to construct a random forest model using Rapidminer software to predict 
which independent variables are more relevant to the survival of startups. The find-
ings reveal, with an accuracy of 70% and κ = 0.72, that the choice of target audience 
(primarily B2C and B2B) and income model (particularly the marketplace model) 
are more influential in determining the survival of Brazilian technological-based 
startups. The marketplace model, offering visibility, cost-effectiveness, and conveni-
ence, emerges as a crucial factor, especially with a B2C or B2B target audience. 
Both primary and secondary variables suggest that positioning a startup on a mar-
ketplace platform targeting a B2B or B2C audience is more likely to enhance its 
chances of survival in Brazil. The study also shows that the business segment, the 
“X” of the X-techs, was not relevant to the survival rate.
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Introduction

The year 2020 was forcibly the year of global digital transformation. The spread 
of the SARS-COV-2 virus has pushed humanity into adopting information tech-
nology tools, prompting a significant digital shift. Social isolation caused by 
the pandemic moved nearly all companies’ offices to employees’ and directors’ 
homes in a home office movement. Meetings began to be held on videoconfer-
ence platforms, and traditional schools hired educational platforms for distance 
learning. In this way, sales and purchases were made through websites or social 
networks with delivery, while families’ leisure was limited to streaming channels 
(Higuchi & Maehara, 2021; Steinbach et al., 2021).

The swift evolution of consumer and corporate needs demands agile innova-
tion, pushing businesses toward new market paradigms and disrupting established 
models. This growing uncertainty drives companies to undergo digital business 
transformation (DBT) to adapt their core strategies. Technology-driven innova-
tion has become crucial for economic and social progress in the face of intense 
competition and rapidly changing consumer preferences. Many businesses have 
embraced digital transformation principles at various levels, from operational 
enhancements like developing new products or services to strategic overhauls of 
their entire business models (Matt et al., 2015).

In this change process, digital transformation is critical in improving the qual-
ity and diversity of new products and services and strengthening relationships 
between companies, consumers, and the government. Innovating and generating 
new products is critical for organizational survival in the current business land-
scape. This has spurred the rise of startups, nascent ventures that aim to com-
mercialize innovative ideas. Often focused on technology, these startups navigate 
uncertain markets (Barbosa & Ramos, 2021; Donda, 2020). To succeed, they 
must possess technical and business expertise, strategically allocating resources 
to create products or services with market appeal.

Digital transformation and the rise of startups are prominent phenomena in 
the contemporary business landscape, representing more than mere technologi-
cal tools. These concepts encompass a holistic shift influencing individuals, 
organizations, behaviors, operations, management practices, and hierarchical 
structures. Embracing digital transformation can confer a competitive advantage, 
enabling firms to enhance economic performance indicators (Westerman et  al., 
2012; Hess et al., 2016; Boneva, 2018; Heavin & Power, 2018), adapt to evolv-
ing consumer trends (Kim et al., 2017;  Ismail et al., 2016; Dremel et al., 2017; 
Von Leipzig et  al., 2017); and even redefine competitive boundaries (Schwert-
ner, 2017). Therefore, startups have a clear advantage because they do not have 
legacy or corporate restrictions. Innovation and adopting new technologies are 
fundamental aspects of these new businesses (Hatada, 2021). Consequently, 
technology-driven startups in different business segments, such as education 
(Edutechs), finance (Fintech), insurance (Insurtechs), and biology (Biotechs), 
have rapidly transformed the landscapes of their respective industries.
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In light of the accelerated digital transformation permeating various facets of 
society, coupled with the intrinsic nature of startups to seek valuable propositions 
and build scalable, replicable business models (Mercandetti et  al., 2017), technol-
ogy-driven startups are gaining increasing prominence and are often referred to 
as “Tech companies.” The fusion of “financial” and “technology” gave rise to the 
widely recognized term “Fintech,” representing startups that strive to revolutionize 
and enhance services within the financial system. These companies operate with 
significantly reduced costs compared to conventional financial institutions. The 
insurance industry, propelled by the Fintech wave, has witnessed rapid expansion, 
with the emergence of companies offering innovative “Insur-tech” services. Follow-
ing the same concept of technological innovation, the other sectors of the economy 
began to designate similar terms, such as the health sector, in which technological 
startups are called Healthtechs; in education, smart platforms are known as Edutechs 
or Edtechs.

With a focus on a sustainable economy, innovative and alternative ideas arise 
for the most diverse situations of nature preservation. The startups in this area of 
activity are called Eco-techs. Biotechs are technological startups in the biological 
sciences: molecular, cellular, biodiversity, reproduction, and genetics. The term 
agro-tech refers to technology that is sustainable in solving agricultural problems. 
Reg-techs are startups that use information technology to improve regulatory pro-
cesses, expanding to any regulated business with a particular appeal to the con-
sumer goods industry and reducing millions in fines for companies. The operational 
domains of Tech companies are varied and continue to expand with the progression 
of digital transformation, integrating concepts like blockchain, artificial intelligence, 
digitalization, the hub economy, and the sharing economy. These startups’ unifying 
characteristic is their technology foundation, irrespective of their specific industry 
sector. They are all categorized as Tech startups. Hence, we have broadly defined 
technology-based startups as X-Techs, where the “X” represents the business seg-
ment variable.

Studies on the factors that drive the life cycle of startups are scarce, as it is an 
area of knowledge under construction, but some authors serve as a source (Arruda 
et al., 2014; Marcon & Ribeiro, 2021). Most studies on the factors that increase the 
life cycle of startups deal with the importance of training founders and their teams 
(Zellmer-Bruhn et al., 2021; Roche et al., 2020) and the existence of an ecosystem to 
support and develop startups (Amaral, 2019; Gazel & Schwienbacher, 2021; Cukier 
& Kon, 2018). Given the inherent high risks, startups face a significant likelihood of 
failure due to the necessity for frequent strategic pivots and market repositioning to 
adapt to the dynamic environments in which they operate. Furthermore, early-stage 
ventures often grapple with limited financial, technological, and human resources 
while facing intense pressure to deliver results, particularly from investors (Keré-
nyi et  al., 2018; Kon, 2021). The scarcity of information connecting the various 
variables within the startup ecosystem, such as business segment, target audience, 
income model, and business stage, exacerbates uncertainties and anxieties for aspir-
ing entrepreneurs.

Díaz-Santamaría and Bulchand-Gidumal (2021) studied the success of technol-
ogy startups, and their finding suggests that four key factors significantly impact 
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both measures of success: the startup’s location, the dedication of its partners, the 
company’s age, and the presence of non-promoting partners. Espinoza et al. (2019) 
point out the success of Chilean startups to the presence of universities and local 
patenting capacity. Alami et  al. (2024) applied machine-learning methods to pre-
dict the failures of startups in Morocco and emphasized the critical role that capital 
and financial resources play in fostering business development. Although no single 
element can assure the triumph of a startup, founders who adeptly navigate and har-
monize these factors are better positioned to establish an enduring and prosperous 
enterprise (Cukier & Kon, 2018; Honjo & Kato, 2019).

The general research question is: What are the key factors to the survival rate 
of Brazilian technologic-based startups? The initial hypothesis is that the X of the 
X-techs represents the business segment as a determinant factor to business survival.

The current study aimed to investigate the factors contributing to the business 
survival rate of X-Tech startups in Brazil. We examined the business segment, target 
audience, income model, and business stage variables using data mining techniques. 
The study’s scope was limited to the Brazilian context due to the nature of the avail-
able data amenable to data mining analysis. By focusing on variables influencing 
startup survival, we aim to contribute to understanding these enterprises’ dynamics 
in Brazil.

Startup Scenario Description in Brazil

The change in strategy and business paradigms has characterized startups’ rapid 
and accelerated evolution (Kon, 2021). Combined with the world scenario, Brazil-
ian technology-based startups (X-Techs) have been showing themselves as essen-
tial business models in contemporary economies, which can be observed both in 
academia and the market. In 2019, more than 12,000 startups were identified in 
the country, thus configuring an average annual growth in the number of units of 
26.75% in the last nine years (Carrilo, 2020).

A study on the Brazilian startup ecosystem was carried out jointly by the Bra-
zilian Startup Association—ABSTARTUP, Accenture Consultant, and FINEP (a 
public company linked to the Ministry of Science and Technology and Innovation). 
Results revealed that in 2017, about 73% of Brazilian startups were located in 10 
communities; 63% had teams with less than five people; 46% had been working for 
less than two years; 41% were looking for traction; 44% were operating with the 
service model (SaaS) and 69% with an annual turnover of less than BRL 50,000 
(ABSTARTUP 2021). Therefore, the concentration in large centers, the reduced size 
of the work team, and the short life span can be pointed out as characteristics of this 
type of company in Brazil.

According to ABSTARTUP (2022), using the Startup Base powered by the 
startups’ inventors, which has become the largest statistical database on Brazilian 
startups, Brazil currently has 14,220 registered startups operating in all states and 
the Federal District. Although this number includes some companies already out 
of operation, results indicate the ideas that started and the evolution of this mar-
ket in the country. This number of startups is segmented according to the segment 
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of activity. Table 1 explains the segments that have the highest number of regis-
tered companies.

This profusion of startup technology promises multiple benefits, such as 
increasing efficiency and reducing costs for businesses or consumers as end users. 
Table 2 describes the X-Tech segments that predominate in the market segments.

Research Method

Data on digital transformation and startups are very complex and decentralized, 
mainly due to the absence of a history and a base unified and structured data-
base. Thus, gathering different information to extract statistical data is necessary, 
which traditional methods could not process, extract, and analyze.

Previous studies suggest using data mining to extract information from a data-
base (Gonzalez et  al., 2016; Strang & Sun, 2020). The data mining process of 
uncovering patterns within statistical data (Han et  al., 2012) provides insights 
that may remain obscured by traditional exploratory data analysis methods (Hand, 
2000). Machine learning techniques, encompassing data mining, have emerged as 
a valuable instrument for identifying and investigating patterns and interdepend-
encies among numerous variables.

Data mining applications offer classification models in some research areas, 
including health diagnosis and prognosis and identifying gaps in education 
data (Baker et  al., 2011). Many forecasting methods use various data mining 
techniques. As computer processing performance has improved and various 
models have been proposed, research is being conducted to help entrepreneurs 
and investors find hidden patterns by applying data mining techniques (Kannan 
et al., 2010; Kim, 2021).

Table 1   Number of startups in 
Brazil by business segment

Source: ABSTARTUP (2022)

Business segment Number 
of start-
ups

Education 821
Others 709
Finance 567
Health and wellness 511
Internet 489
e-commerce 413
Agribusiness 348
Communication and media 334
Retail/wholesale 326
ICT and telecom 286
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Data Pre‑Processing

In general, collecting and pre-processing data analysis is essential and time con-
suming. For numeric data, relatively simple pre-processing is required, such as 
null value removal and categorical variable processing. However, there is some-
what complicated pre-processing for textual data, such as parsing, stopword elim-
ination, and tagging. Most real-world data collected contains null values, and if 
any variable has multiple null values, the variable can be removed to allow pars-
ing. Due to the lack of a consolidated base on startups, data from the online plat-
form Startup base was used, called the official database of the Brazilian startup 
ecosystem of ABSTARTUP, and fed spontaneously by the startups’ owners.

Initially, the X-techs were filtered by the activity segment (Table 1), totaling 
12,907 registered in the different stages. Before using a large amount of data in 
forecast models, we applied dimensionality reduction methodologies to reduce 
the complexity time of the models, excluding some variables. At this stage, it was 
identified that the relevant segments in the country with the highest number of 
startups are Fintechs, Edutechs, Insurtechs, Healthtechs, Ecotechs, and Biotechs. 

Table 2   X-Techs description by each segment

Source: The authors

X-Techs Description of startups by the segment of the market

ADTECH Startups that develop technology for media convergence, big data analytics, and 
service distribution in decentralized programmatic media

AGRITECH Startups that use technology focused on agricultural systems
AGROTECH Startups that are focused on technological solutions for agriculture productivity
BIOTECH Technology-based startups that work in the area of biological sciences
CLEANTECH Startups that use technology to improve business performance, optimize processes, 

reduce waste and costs, pollute less, and reduce tailings production
ECOTECH Startups technology-focused on a sustainable economy
EDTECH Startups that use technology to scale education and promote accessibility to teaching 

and knowledge distribution
FINTECH Startups that use technology to improve financial services
FOODTECH Startups that offer technological solutions for the food sector, from delivery to the 

production process
GOVTECH Technological startups that propose solutions for modernizing internal and public 

administration issues
HEALTHTECH Startups that use technology to improve healthcare and wellness
HRTECH Startups that facilitate and accelerate all stages of technology-based job hiring
INSURTECH Startups focused on the insurance sector
LEGALTECH Startups are dedicated to different functions to automate processes with artificial intel-

ligence and accelerate the legal system’s access and analysis of data
MARTECH Startups that use technology to revolutionize digital marketing using bots, algorithms, 

big data, and data analytics
REGTECH Startups that use information technology to improve regulatory processes
RETAILTECH Startups that use technology to improve retail operations
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We excluded too many X-techs from our base, and this selection resulted in 2249 
startups.

Upon deepening the investigation, it was found that within the area mentioned 
above of X-Techs, the company will focus on a segment: finance, education, market-
ing, well-being, health, and insurance. Most X-Techs are generally segmented into 
the market area (Fintech focused on finance, and Edutech focused on education). 
However, there is also a Fintech focused on education solutions, a Fintech focused 
on marketing, or an Insurtech focused on insurance finance. The three most relevant 
variables were selected in quantities of the selected X-Techs, resulting in the varia-
tion abbreviated to enable the processing (Table 3).

Three areas were selected from four areas in all X-techs except in Edutech. This 
occurred because the number of startups in advertising and the environment was 
the same, and in order to avoid undue selection, the authors decided to include both 
areas. After this categorization of the X-techs’ areas of activity, the variable target 
audience income model and survival stage corresponding to each abbreviation were 
included in the spreadsheet (Table 4). In addition, descriptive stages such as start, 
traction, and business stage were summed up and presented in operation, as they are 
the open and available startups in the market (Table 5).

Figure 1 indicates the schematic of the information flow used when building the 
data mining array. We are looking for the causes of business survival (dependent 
output variable), considering four causable independent variables.

Table 3   Market area of the 
X-Techs and their abbreviation

Source: Startup dataset. Conceptualized by the authors

X-Techs Area of operation X-Tech 
abbrevia-
tion

Fintech Finance FF
Fintech Advertising FA
Fintech Education FE
Insurtech Insurance IS
Insurtech Finance IF
Insurtech Well-being ISBE
Healthtech Well-being HSBE
Healthtech Education HE
Healthtech Finance HF
Edutech Education EE
Edutech Finance EF
Edutech Advertising EA
Edutech Environment EMA
Biotech Biotechnology BB
Biotech Well-being BSBE
Biotech Agribusiness BA
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We used RapidMiner® (RapidMiner, 2017), a Java-based end-to-end analyti-
cal tool for data mining, text mining, predictive analytics, and business analytics 
(Almeida et al., 2016). This solution has been used in many areas and is the most 
popular standalone and open-source solution on the market (Poll, 2002) and the 
market leader in its field (Idoine et al., 2018). The optimal subset of variables is 
obtained by providing feedback on predictive performance until some condition 
is met using predictive models.

The output variable “business survival” was calculated considering the number 
of started X-Techs and the number that remains active (Table 6). To proceed with 
the data mining, we discretized the percentage found in a set of rules shown in 
the trees.

Fig. 1   Schematic of the information flow for building the data mining array

Table 6   Output values: The business survival of the studied techs is still operating. H, high; A, average; 
L, low

Source: Startup dataset. Conceptualized by the authors

X-Tech’s
(business segment)

X-Tech started Active Business survival 
rate (%)

Discretization

FF 510 298 58.43% A
FA 14 5 35.71% A
FE 13 4 30.77% L
II 51 35 68.63% A
IF 18 11 61.11% A
ISBE 6 5 83.33% H
HSBE 435 246 56.55% A
HE 12 5 41.67% A
HF 10 6 60.00% A
EE 768 281 36.59% A
EF 23 17 73.91% H
EA 8 4 50.00% A
EMA 1 0 0.00% L
BB 30 15 50.00% A
BSBE 7 5 71.43% H
BA 4 2 50.00% A
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For discretizing the business survival into the levels high (H), average (A), and low 
(L), we used a rule described as if the “business survival rate” ≤ 30%, then “the survival 
rate” is low (L). If the “business survival rate” > 30% and ≤ 69%, then the “business 
survival rate” is average (A). If the “business survival rate” > 70%, then “the business 
survival rate” is high (H). The overall business survival rate referred to each X-Tech is 
shown in Table 6.

Data Mining and Analysis

The entire dataset was utilized to construct a random forest model using RapidMiner® 
Studio, a Java-based, open-source software (version 9.2, RapidMiner, Inc., Boston, 
MA, USA). We adopted the random forest algorithm for data analysis primarily due 
to its strengths in handling complex datasets, particularly when multiple variables and 
non-linear interactions are involved. Random forest is well suited for datasets with 
many variables (features). In the context of the present study, which involves analyzing 
the survival of startups based on multiple factors like income model, target audience, 
and business stage, random forest can efficiently handle this complexity as an appropri-
ate choice (Lukita et al., 2023).

The analysis focused on predicting the “business survival” of X-Tech companies. 
The operators employed in the analysis included “retrieved data,” “split data,” and “ran-
dom forest.” The algorithm was trained using 80% of the dataset, with the remaining 
20% reserved for model development. The model was built focusing on shuffling, pre-
pruning, and the information gain ratio. This approach enhances the precision of classi-
fication by refining the attributes that distinguish between different samples in the train-
ing set (Lavrač et al., 1999). The accuracy was calculated using Eq. (1).

where TP = true positives, TN = true negatives, FP = false positive, and FN = false 
negatives.

In the context of a random forest model, accuracy provides a general indication of 
the model’s effectiveness in making correct predictions. High accuracy suggests that 
the model performs well across the dataset, but it may not account for imbalances in the 
data or the distribution of classes.

Chohen kappa (κ) is a statistical coefficient of inter-rater reliability applied to evalu-
ate two appraisers’ agreement. κ is adjusted for the possibility of agreement occurring 
by chance. It compares the observed and expected accuracy if predictions were made 
randomly. In the present study, we accepted that the classification was appropriate 
when κ ≥ 0.60. Information and data flow are shown in Fig. 2.

Results

On average, each segment has around 300 startups. These startups’ most common 
target audience is B2B, and API is the most frequently used income model. Descrip-
tive analysis revealed that 17.01% of the startups are related to education, 11.30% 

(1)Accuracy(%) = TP + TNTP + FP + FN + TN × 100
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are in finance, 10.59% are in Internet infrastructure, 9.64% in well-being and health, 
and 8.68% in agribusiness. The remaining are in other fields (51.46%). In the educa-
tion segment, 20.71% of the startups are out of business, 17.61% are in the welfare 
and health field, and 9.76% are in the finance area. The mean out-of-business rate 
across all startup sectors is approximately 18%.

Using the operator “random forest,” we obtained two trees with an accuracy of 
70% and κ = 0.72.

Tree 1

Figure  3 shows that the classification tree indicates that the target “business sur-
vival” was based on the “income model” such as the “target audience.” This model 
refers to a digital platform where companies sell third-party products (for exam-
ple, Amazon, Expedia, and OLX). Such a classification indicates an enhancement 
of transactions through the platform that benefits demand and supply. Rules were 
extracted from the tree-ensemble graph and presented in Fig. 3.

If the “target audience” is ≤ 1, then the “business survival” is “high” (represent-
ing 23% of the studied sample). This may indicate that if resources are invested in 
diversifying the target audience, such an action may lead to failure. If the “target 
audience” > 1, then we need to check the relationship between the company and 
consumers (B2C). If the “B2C” > 3, then “business survival” is “average” (46% of 

Fig. 2   Schematic representation of the adopted method
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the studied sample). If “B2C” ≤ 3, then we need to check the number of companies 
working in this “X-Tech” business area. If the total number of companies “X-Tech” 
is in the market ≤ 7.5, then the “business survival” is “low” (15% of the studied sam-
ple). If the total number of “X-Tech” ≤ 7.5, then the “business survival” is “average” 
(representing 15% of the studied sample). This indicates that X-Techs’ survival rate 
is relatively low in Brazil.

Tree 2

Figure  4 shows that the classification tree indicates that the target “business sur-
vival” was based on the “B2B” consumer model. This model refers to a target audi-
ence that makes business directly to other businesses involving companies already 
well established in the market. The values involved are also higher than individual 
ones (for example, SalesForce, HubSpot, and Xero). The classification indicates a 
more significant step as the transactions when the principal customer is a business 
through the platform as beneficial to demand and supply. Rules were extracted from 
the tree-ensemble graph and shown in Fig. 4.

Fig. 3   The tree-ensemble graph 
based on the “target audience” 
attribute

Fig. 4   The tree-ensemble 
graph based on the “B2B” root 
attribute
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If the target audience “B2B” (business to business, consumer model) is ≤ 3.5, 
then the “business survival” is “average” (representing 15% of studied samples). 
If “B2B” < 3.5, one must check the “target audience.” If the “target audience” ≤ 1, 
then the “business survival” is “average” (representing 38% of studied samples). 
If the “target audience” is > 1, then one must check on the B2B. If “B2B” ≤ 49.5, 
then the “business survival” is “low” (representing 31% of the studied samples). If 
“B2B” > 49.5, then the “target audience” is “average” (representing 15% of studied 
samples).

Discussion

The patterns shown in the trees tend to be more assertive as they consider the pri-
mary and secondary factors. In the analysis of the first tree-ensemble graph, we iden-
tified that the main factor of the survival of startups is the income model, with the 
target audience being the primary model for the longevity of startups. The choice of 
this income model already represents the survival of startups in 23% of the sample. 
After choosing the income model, the second variable to be considered is the target 
audience, with B2C being the primary focus for the survival of companies. Startups 
showing an average business survival rate represented 46% of the startups surveyed. 
This latest finding was unsurprising, considering that most startups with an income 
model target the B2C audience. If the survival rate of this B2C market analysis is 
less than or equal to 3, X-tech’s operating segment must be considered. We can con-
clude with the analysis of the first tree that the primary variable to be considered for 
the longevity of a startup is not the market segment but the income model.

According to Cantamessa et  al. (2018), many startups fail because they do not 
have a well-defined business development strategy. Such a move often leads to a 
lack of focus, misallocating resources, and, ultimately, failure to scale effectively. 
Early-stage startups, especially in the software industry, often fail because of incon-
sistencies between managerial strategies and their execution. This includes rushing 
products to market without adequate validation or neglecting the necessary learning 
processes (Giardino et al., 2014).

The second tree-ensemble graph identified that the primary startup business sur-
vival variable is the target audience, with B2B being the main focus for the survival 
of startups. The choice of this audience represents startup survival in 15% of the 
sample. After choosing the target audience, the income model is the second variable 
to consider. The leading income model is related to the survival of startups, present-
ing average business survival and representing 38% of the surveyed X-techs. In this 
tree, the results did not consider the startup’s operating segment to reach the busi-
ness survival; the operating segment was irrelevant. According to Goswami et  al. 
(2023), capital scarcity and inadequate sales and marketing strategies toward the 
target audience are the most common factors for startup failure in India, similar to 
Brazilian startups.

The results using data mining analysis indicate that the greatest survival of start-
ups is concentrated in the following:
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1.	 income model ⇒ marketplace, and as a secondary variable the target audience 
⇒ B2C;

2.	 target audience ⇒ B2B, and as a secondary variable, the income model ⇒ 
marketplace.

The marketplace income model offers entrepreneurs visibility, cost-effectiveness, 
security, and convenience. It serves as a virtual storefront where startups can show-
case their products and services alongside offerings from various other companies. 
The marketplace provides customers with diverse products, like a digital shopping 
mall. This model is particularly advantageous due to the flexibility it affords compa-
nies, regardless of their size, to establish an online presence and the ease with which 
they can manage their virtual storefront. The negative factor is the competition for 
the attention of consumers, which is quite fierce. As a large online market, the B2C 
public target is the most common in the income model marketplace and B2B, as 
shown in Table 4.

The results of the present study partially agree with those of previous stud-
ies. Sevilla-Bernardo et  al. (2022) found that the business model, the marketing 
approach, and the entrepreneurial team are the key factors for the success of start-
ups. Silva Júnior et al. (2023) identified critical success factors influencing startup 
competitiveness, which included organizational, human, and environmental factors, 
such as internal characteristics, human capital, and the broader startup context.

The variables presented in this research, whether primary or secondary, testify 
that startups are ventures focused on technology and innovation, as previously pro-
posed (Barbosa & Ramos, 2021; Donda, 2020). Furthermore, adopting the market-
place income model can enhance the survival rate of startups operating in volatile 
markets. Marketplaces provide increased exposure for products and services, show-
casing them within a platform that inherently attracts customers independent of the 
specific businesses listed. Analogous to the established brand recognition of a physi-
cal shopping mall, the marketplace holds a solidified virtual brand presence online. 
Some examples of the consolidated marketplace in Brazil are Mercado Livre, Ama-
zon, B2W, Shopee, Uber, and Air BNB. In addition to the ease of disclosure, another 
positive point of the marketplace is the possibility of rapid return, another essential 
feature for startups, agreeing with current literature on economic performance indi-
cators (Westerman et al., 2012; Hess et al., 2016; Boneva, 2018; Heavin & Power, 
2018).

In the present study, in addition to the income model marketplace variable, the 
target public variable was also crucial for the survival of startups, whether B2B 
(business to business) or B2C (business to consumer), as described by Gonçalves 
and Gonçalves (2021). Both B2B and B2C have large audiences with many con-
sumers. They are the target audience of most marketplace platforms, enabling faster 
growth for startups, an essential item for consolidating startups in their segment 
(Kerényi et al., 2018; Kon, 2021).

The operating segment was found only in the third stage of analysis for the busi-
ness survival, indicating that it is not a decisive perspective for the survival and 
advancement of startups to the following stages. From the 224 input variables used 
in this study, one can predict an improvement in the performance of the survival 
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prediction model based on these perspectives by improving the future performance 
of startups with the development of prediction models. This structure can be consid-
ered a helpful tool to support decision-makers.

Relying heavily on marketplace platforms can offer significant benefits to start-
ups, such as immediate access to a broad customer base, reduced overhead costs, and 
streamlined operations. However, this reliance also comes with several challenges 
and limitations that can impact a startup’s survival and long-term success. Most of 
the startup’s income might come from a single or few marketplace platforms. This 
concentration increases risk; if the platform changes its policies, increases fees, or if 
the startup is removed or demoted in the platform’s search results, the impact on the 
business can be devastating. Regarding platform control, the marketplace controls 
vital aspects of the customer relationship, including data ownership, pricing, and 
branding. Startups have limited control over how their products are presented and 
marketed on these platforms. Startups may find it challenging to stand out among 
numerous competitors, many of whom may offer similar or identical products at 
lower prices.

Another point is that customers on marketplace platforms are typically looking 
for the best deal rather than brand loyalty, making it difficult for startups to build a 
loyal customer base. Marketplaces often restrict access to detailed customer data, 
limiting the startup’s ability to gain insights into customer behavior and preferences, 
which hinders efforts to improve products and marketing strategies. While market-
place platforms offer significant opportunities for startups, especially in their early 
stages, over-reliance on these platforms can pose substantial risks and limitations. 
Startups must carefully balance the benefits of marketplace platforms with strategies 
to build their brand, diversify income streams, and maintain control over customer 
relationships and data.

The present analysis study documents two main findings that justify further 
research. An analysis of the survival of Brazilian startups was carried out using a 
data mining structure from the following perspectives: operating segment, income 
model, target audience, and business stage. We believe the results may contribute 
to the startup area’s scholars and professionals and add to the emerging literature on 
startups.

In academia and the market, the doubts and uncertainties about startups are 
immense, and the findings initiate discussions to expand knowledge and reduce the 
startup survival risk. In the practical field, the main contribution of the results is to 
allow an analysis before starting a startup, focusing on the variables’ target audience 
and income model instead of initially focusing on the X of X-tech, the operating 
segment. The prediction models for the specific domain structure on the startups’ 
survival were built using four representative simple and fast regression algorithms. 
Using the attributes of performance segment, target audience, business stage, and 
income model, we reinforced the idea previously indicated by Steinbach et al. (2021) 
and Higuchi and Maehara (2021) on future consumer preferences.

When constructing the present study, we faced limitations in the existing infor-
mation. We used a single database due to the scarcity of an official platform with 
statistical data on Brazilian startups. Future studies suggest applying the technique 
to other databases and countries to expand our knowledge about startup survival.
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Virtual sales platforms, once a trend, especially during and after the COVID-19 
pandemic, have become essential for any company and have many tools to optimize 
this e-commerce. The marketplace benefits small entrepreneurs who do not promote 
their products and services without spending a lot. Furthermore, among the most 
common difficulties in starting a startup are the lack of knowledge about the market 
in which it operates, turnaround time, and inference. Thus, the prediction models for 
the specific domain structure on the life cycle of startups in analyzing their survival 
were built using four representative simple and fast regression algorithms: segment, 
target public, stage, and income model.

Conclusions

The present research pinpointed variables contributing to a higher startup survival 
rate. The findings suggest that selecting the target audience and income model is the 
most determinant factor. Furthermore, introducing the term “X-tech” in the startup 
lexicon has provided a novel categorization, enriching the theoretical understanding 
of these ventures. As a contribution, the paper proposes the term X-tech, where X 
represents the business segment of technology-based startups. The main finding is 
the refusal of the initial hypothesis: the business segment did not appear as a sig-
nificant factor, so it is not the X that leads to survival in the X-techs context but the 
target audience and the income model. These findings benefit constructing concepts 
about startups, which are many and diffuse.

To practitioners, startup entrepreneurs, and investors, this research’s main contri-
bution is the importance of considering the target audience and income model defi-
nition in the definition of business model strategy. Table 4 shows the choice options. 
To policymakers, the results reveal the importance of broad area startup support and 
incentive programs instead of specific business segment (for instance, education, 
insurance or finance) programs since the business segment is not a crucial survivor 
factor.

Whether primary or secondary, the variables indicate that inserting a startup into 
a marketplace platform with a B2B or B2C target audience will be more conducive 
to survival, as shown in the tree-ensemble graphs (Figs. 3 and 4). The company can 
benefit from website advertising to increase demand and do so at a low cost of mar-
keting investment. The startup can gain visibility without worrying about the high 
costs of advertising, maintaining its e-commerce or programming professionals, and 
boosting sales. Another benefit is the logistics provided by a marketplace, which is 
more practical and easy to create means of payment, transport, and product registra-
tion, maximizing the company’s profit. The marketplace is a beneficial tool to take 
advantage of people’s easy access to social networks, using it to attract new custom-
ers, whether B2C or B2B.

The main limitations of this study arise from the data source. Due to the lack 
of an official platform with comprehensive statistical data on Brazilian startups, 
we relied on a single database from a startup association. Similar studies could be 
conducted in other countries or regions. Additionally, other data mining tools could 
have been explored.
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Ultimately, the data mining method only indicated which variables are rele-
vant to startup survival, and the results cannot be considered definitive. For future 
research, we suggest in-depth investigations through surveys or multiple case studies 
to understand why the target audience and income model are more influential than 
other variables.
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