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1. Abstract

Recent improvements in techniques for analysis and usage of Big Data allow us to extract key 

conclusions from a vast amount of data. Applying this knowledge in the business world has proven to 

be beneficial in some cases for company performance indicators and profitability, while being a waste 

of resources in others. In this study we analyse a sample of 182 start-up companies in Catalonia by 

classifying them into three company types based on their business model and dependence on what we 

define as Big Data Techniques. We present the situation of this businesses by analysing the 

characteristics of each of the three company types. A final section concludes with our results and their 

implications, as well as flaws and further research possibilities. 

Keywords: Big Data, Business classification, Business model, Business Intelligence and 

analytics, Catalonia, Start-up Business. 



3 

2. Theoretical framework

a. Business Intelligence

Using data about business performance to improve revenue results can be traced back to 1865, 

when Richard Miller Devens described the success of the banker Henry Furnese, in his work 

“Cyclopaedia of Commercial and Business Anecdotes” (1865). This was the first time the term Business 

Intelligence (BI) was mentioned. However, it was not until almost a century later that the modern 

concept of “Business Intelligence System” would be proposed: “[...] an automatic system is needed 

which can accept information in its original form, disseminate the data promptly to the proper places 

and furnish information on demand” (Luhn, 1958). 

Around the decade of the 1990’s, the increasing awareness of this concept and the dramatic 

drop in the cost of computational technologies lead to its popularity among firms. This first phase is 

widely considered as the Business Intelligence 1.0, where data was produced and stored in commercial 

relational database management systems (RDBMS). Once stored it could be managed and organized 

in a presentable way. Starting in the early 2000, HTTP-based Web 1.0 systems characteristic of 

Business Intelligence 2.0 allowed for the collection of vast amounts of detailed and IP-specific user 

search and interaction logs, which opened a new world of unique analytical and research opportunities. 

During recent years, in the era of Business Intelligence 3.0, the number of mobile phones and tablets 

surpasses the number of laptops and PCs (The Economist, 2011). This new era promises more ways 

than ever before to obtain and analyse information. As Chen and his colleagues point out: “[...] The 

ability of such mobile and Internet-enabled devices to support highly mobile, location-aware, person-

centered, and context-relevant operations and transactions will continue to offer unique research 

challenges and opportunities throughout the 2010s” (Chen et al., 2012). 

The increasing volume and variety of data generation characteristic of BI 2.0 and BI 3.0, 

measured in the scale of terabytes or even exabytes, and its consequential technological requirements, 



  

 

 

 

4 

have led to the recent emergence of the Big Data era, unveiling new exciting applications in many 

spheres of society (Chen et al., 2012). In the field of E-Commerce and Market Intelligence, BI and Big 

Data analytics are shown to be high return investments to analyse data and learn useful insights to 

support in the decision processes of the company, leading to changes in organizational, management 

and production settings in order to increase performance on many levels such as: productivity (Tambe 

and Hitt (2012), Bloom et al. (2012)), improve sales forecast results (Bajari et. al. 2012), design 

personalized promotions (McAfee and Brynjolfsson, 2015), capturing the long tail market (Anderson 

2014), ultimately translating to increased profits and survival rates (Farah 2017). 

b. Big Data 

Digital information, including unstructured and multi-structured data, is the composition of Big 

Data. It is usually derived from intersections between people and machines (Arthur 2013).The key 

characteristic of “big data” is “big”, which means, compared with traditional analytics,  “ the volume of 

stored data exceeds human analytic capacity and pushes the boundaries of currently-available 

computing power” (Gutmann, Merchant and Roberts, 2018). The increasingly economical data-

intensive approach makes it possible for the formation of modern Big Data. The defining characteristics 

of Big Data are summarised in the three V’s of Doug Laney (Lanley 2001): volume, variety and velocity.  

Regarding to Volume, our fast-track life is transformed in real time into data. In business 

analysis, the data you have right now will be replaced soon by new incoming data in several minutes, or 

even seconds. The variety refers to the multiplicity of data sources. With our smartphones, laptops and 

other mobile devices, for example, with IPad, we use social networks to connect with our friends (Social 

media data), glance over web pages to search for what we are interested in (Web activities tracking), 

take photos and share our locations with GPS when we travel (Location data). Vast data from various 

dimensions make huge volume and high variety the two main characteristics of modern Big data. 

Moreover, in order to extract the insights and conclusions from this data, the requirements for high 

velocity in dealing with such great amount of information are becoming higher and higher.   
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During the Big Data Innovation Summit in 2013, IBM proposed a fourth dimension: Veracity. 

When the sources of data are multiple, it is likely that the veracity of data sometimes can be doubtful. 

The quality of the data becomes an essential factor when dealing with large data bases. Inaccurate or 

incomplete data would eventually lead to making the wrong decisions.  

With the rapidly developing technology, the cost of producing, storing and sharing of data is 

much lower than ever before, Big Data turns into a more powerful tool to explore business profitability 

and business niches. Collecting and analysing a large amount of data is not a new activity in business 

analysis. Aggregate data were extensively used in studies since nineteenth century. Nevertheless, the 

modern Big Data with four “Vs” creates a revolution. We explain this with the following two instances. 

Firstly, in the paper “First-Degree Price Discrimination Using Big Data”, it shows that large 

database on individual behaviour provides sufficient information to estimate individuals’ reservation 

values and makes profitable personalize pricing available in practice, that means, firms can extract 

more profits by using first-degree price discrimination and set a different price schedule to each 

individual with the help of Big Data.  Siller found that the feasible personalized pricing generates about 

12.2% of increase in profits when web browsing behaviours are employed to predict individuals’ 

reservation values while only 0.8% with demographics. 

Secondly, in the aspect of marketing, as Lisa Arthur wrote in her book: “Big data marketing 

centers on one thing and one thing only: driving value by engaging customer more effectively”. Data-

driven marketing techniques not only engage current customers, but also capture new customers, 

which leads to higher market shares for companies. What’s more, using data helps market decisions to 

be more accurate and faster, as a result, generates higher business benefits and reduces costs. (Figure 

1) 
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Already in 2014, Gartner’s Hype Cycle for emerging technologies (Figure 2) placed Big Data on 

its way down the peak of inflated expectations, with an estimated time of reaching the plateau of 

productivity of 5 to 10 years. Four years later, it would be highly engaging to observe the results of 

companies implementing this technology in their operations.  

 

Figure 2. Gartner’s Hype Cycle for emerging technologies 2014 
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3. Big Data in Catalonia 

a. Area of study 

Our goal in this study is to classify and analyse an extensive list of startup businesses in 

Catalonia. For this purpose, first we need to have a clear definition of the word “start-up”.  According to 

Merriam-Webster, “start-up” means “the act or an instance of setting in operation or motion” or “a 

fledgling business enterprise.” Since there is no official or technical definition of startup businesses, 

empirically, we choose those companies that have less than 10 years since their foundation, less than 

50 employees and less than 20 million of capital (equity). These three criterias imply that these 

companies are in the first stage of their operations. We focus on these startup businesses for several 

reasons. Big Data techniques, which implies Business Intelligence and Analytics techniques, have been 

playing an increasingly important role in business for the last 10 years. New companies created during 

this period may have already started using some of these techniques to gain insights from their 

business activities and improve their performance. Moreover, startups companies are engines for job-

creation, innovation and economic growth (Y. Lowrey, 2009). 

The reasons we choose Catalonia as our target of study are that we have better access to the 

relevant data, and better understanding of its economic and business environment. It is also worthy to 

mention that Barcelona was recently classified as one of the most dynamic technology-driven cities in 

Europe (Vanguardia 2017, Invest Europe 2017). 

b. Definition of Big Data Techniques 

In our attempt to define what we refer to in this study as “Big Data Techniques”, we encounter 

the disagreement that exists on the definition of Big Data, as reviewed in Ward & Barker (2013). We 

attempted to make our own definition of Big Data using the 4 V’s theory (Gartner 2001 & IBM 2009). 

When you are treating with Big Data you have to go away from standard database and algorithms 

designs because your data is really complex to be treated due to the volume and velocity that it’s 

collected, the variety is needed to be treated and the veracity level at which it has to be assured. What 
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really differentiates Big Data is the complexity in solving the 4 V’s problem, which requires to be in the 

border line of the top technology. Most of the times this leads to the need of customized databases and 

algorithms in order to adapt to the specific conditions of each case. For example the way Google Maps 

have tackled its big data problem, the car optimization of GPS routes using the available and real time 

data obtained from the cars in circulation is really different from what Twitter is doing, attempting to 

comprehend on an aggregate level the feelings of its users about a specific topic. Both cases require 

really different types of databases and algorithms, to such extent that the techniques used have to be 

customized for that specific dataset. The constant development of this techniques implies a ever-

changing scenario of new and more capable algorithms and methods. This doesn’t exclude the fact that 

in some cases Big Data firms live behind top Big Data firms and copy their procedures (or the 

procedures made by a Phd in Computer Sciences), these techniques are so closer to the edge of 

technology that also have to be recognized as Big Data Techniques, and in these cases always require 

up to a certain level of customization. 

For the purposes of this study and for the present state of the existing technology, the definition 

Big Data techniques would include: schema-free data storage techniques such as NoSQL databases, 

extended RDBMS and MapReduce or YARN methods and machine learning techniques. But, what will 

happen once these cutting-edge technologies become the norm? Data generation is becoming faster 

and faster over time and, probably, someday these techniques will become the “standard methods” in 

order to treat data. The question is, is this still going to be Big Data? The answer is no. At this moment 

the requirements for storing and analysing data would be much higher than what current technologies 

are made for, so “Big Data” term has to catch up to the new technologies. In essence, Big Data is the 

need to keep pace with border line technologies due to the increasing demands in the treatment of the 

data because of volume, variety and velocity and guaranteeing the veracity of the data. 

c. Classification  

In order to study the how the different Big Data Emerging techniques have been applied in 
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Catalonia, we focus on the companies that operate with a strongly data-driven business model.  

We extract a list of startup businesses founded in Catalonia that claim to engage in Business 

Intelligence and Analytics techniques. The database we use is from the Catalonia Trade & Investment 

webpage (Barcelona & Catalonia Startup Hub, retrieved on June 2018). This public agency aims to 

promote Catalan startup companies by attracting foreign investment and offering a range of financial 

and advisory services. The webpage contains a platform with a large collection of Catalan startup 

companies, and introductory information about each one. With this information we construct a database 

of 182 companies. 

An initial inspection reveals that the big data based startup environment in Catalonia is rich and 

diverse. In the last few years, dozens of companies have been created with the aim of implementing, 

each in its sector, the potential of big data management that so much interest has generated. In order 

to describe this diverse environment, we face the problem of market atomization. Each company 

dedicates its business to a different sector, and adds value in its own unique and innovative way. In this 

sense, we believe that a rigorous taxonomy based on a sectoral analysis would not be the appropriate 

way to present this information. First because the extent of the different sectors would require us have 

each activity sector concisely and clearly defined, in such way that each sector would unambiguously 

represent the business activity. We were unable to find such a satisfactory sectoral definition and 

defining them ourselves exceeds the purposes of this study. Second, even if the different sectors are 

eventually well defined, the classification would result in a large amount of very specific activity sectors 

forming a network derived from more general sector types. Moreover, we would see some sectors with 

very few companies. These problems lead us to conclude that a sectoral classification would poorly 

satisfy our objective of describing the startup environment in Catalonia and its future development 

possibilities. 

In order to overcome these difficulties, we formulate the following classification method to sort 

our list of 182 companies in the following three main groups.  
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The first group would be composed by companies that specialize in the management of big 

data. In other words, these are companies whose activity is only big data analysis and big data 

technologies development. Business that need big data analysis on their business activity usually 

subcontract these services to this first group of companies, since these have much more advanced 

techniques and specialized personal. Among these companies we could find Kernel Analytics, which 

works basically as a consulting company providing B2B services. Another example would be Atomial, 

which focuses on the very act of centralizing and filtering previously distributed information. 

The second group would be composed by companies that have a business model that it’s not 

big data by itself but use and depend on big data technology.  Here the key term is “dependent”, the 

company has an independent activity that needs big data to survive. In contrast with Type 1 firms, Type 

2 have their own business and product, which happens to strictly and crucially depend on big data 

techniques to be innovative and competitive. This kind of companies doesn’t need to have a internal 

department of big data, they can externalise the activity to other companies from group one. Examples 

of that would be IBT Index, a company that measures effort based on hundreds of data measures, or 

Counterest that uses big data to count people in massive public events. 

The third group is a kind of companies that use big data for improve its company performance, 

but its business activity doesn’t depend on the big data techniques, so they could survive without it. In 

other words, they do not depend on Big Data techniques to function, neither to be competitive, nor to be 

innovative. But the product or service they offer strongly suggests that big data techniques are being 

used to add value to their business performance. Normally this kind of companies don’t use big data 

regularly but intermittently. The companies that can belong to this group are companies that use 

marketing analytics tools like Google Trends or Semrush.  

The essence of this classification aims to determine how important big data is for the business 

activity of each company, the first group uses big data as the source of value in the business model, 

while the third one just uses big data to add some value into their main activity. All three groups can be 
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related with big data, although it’s the first one that has the closest perspective of what big data really is. 

It is also important to highlight the difference between group one and groups two and three, that is while 

the first group is a big data provider, the second and third group are big data users. This effectively 

solves the problems arising from the sectoral classification and allows us to meaningfully describe the 

different applications of emerging technologies. Table 1 summarizes our classification. 

Table 1. Different criteria of the company groups 

After our classification, we found that the vast majority of companies in our list belong to this 

third group since their activities are not actually dependent on big data technologies. One reason for 

this situation can be derived from the signalling theory. Companies claiming to involve Big Data 

techniques in their decision processes can give a better image of themselves by signalling commitment 

and willingness to engage in such emerging technologies, thus potentially attracting more investments 

and improving brand image. Startup companies would gain a significant advantage by soaking 

themselves with any techniques even remotely related to Business Intelligence or Big Data. The 

credibility of such claims would depend on a number of factors, which include transparency or the 

tangible results of such investments, but fundamentally the degree of knowledge both managers and 

investors have about this emerging technology. When classifying the companies, we often encounter 

this problem. Most group 3 companies claim to be using Big Data techniques, but from the data we 

have available, we cannot know for certain what are the exact applications they have in their business 

activities, so we basically assume that they use data-driven tools for marketing purposes and customer 

analysis.  

One could think that Facebook, as a famous company, belongs to the first group, since its 

activity is basically big data and data treatment, and it’s true that maybe big data and data obtaining is 
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its main source of revenue. However, it is not its main business activity nor its main source of value, the 

business is not focused on big data, but rather on social relations on internet, they could subcontract its 

big data activity and the business could still exist. Thus Facebook belongs to group two, since their 

business activity strictly depends on big data. For example, Facebook needs Big Data techniques to 

properly recommend new friends among the vast quantity of registered users in the platform, without 

which, if it was uneasy to find a friend, Facebook could never be what it is today. However, this 

reasoning is recognizably a little subjective, and this is due to the term “depend”. Whether a business 

depends on big data is really difficult to say, it could only be determined by analysing sufficiently deep 

into each case and retrieving the necessary information, but the time and effort this task requires 

exceeds the limits of this study, so instead the analysis is done via reasoning over the data we are able 

to access. For each company, we infer whether it depends or not on Big Data Techniques based on its 

activities. One could argue that Facebook would survive without a properly friend recommendation 

feature, thus without dependence on Big Data techniques. In that case such techniques would only add 

value to the company, so Facebook would belong to group three. This example illustrates how relative 

our classification can be, especially among groups two and three. The fact that new companies (not so 

focused on big data) are starting to implement this technology into their business plans indicates that it 

is gaining momentum. This is a good thing from the perspective of its proponents, but it can also have 

bad consequences.  

More specifically, the technology may still be not mature enough as to be adopted by the 

general business environment. Working with big data technology requires specific and highly technical 

human capital that is nowadays scarce on the labour market. For this reason, companies may be 

assuming risks when trying to implement those technologies. McKinsey & Company (Fleming et al., 

2018; Chui et al., 2018) has a series of very recent work regarding this issue for multinational 

companies, and how companies investing in advanced analytic techniques should be aware of the real 

impact they may have. 
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d. Data Analysis 

1. Data Descriptives 

 

Table 2. Variable general descriptives 

The descriptives table (Table 2) will provide us a brief insight of the variables we have about 

our sample of data-driven startups. From top to down, our variables are as follows:  

1. Type: Our classification model. This is a categorical variable that takes the integer values from 

1 to 3, each option for a type of company in our classification. 

2. Number of employees: Number of people reported to be working in the company. We will use 

this variable to proxy the size of the company. 

3. Capital raised: The equity of each firm at the moment of us accessing to the database. 

4. Age: Years passed since the foundation of the company 

5. Target: Binary variable indicating 0 for companies that have a B2B business model and 1 for 

companies serving both to businesses and customers. 

The number of companies we find in each type is fairly equal, however we have more type 1 

companies than any other type. In general, companies have a mean of 14 employees, although the 

standard deviation is greater than the mean, which means that there is a great polarization between 

companies. The average capital is a little bit higher than 3 million €, but as we saw with the number of 

employees, the high standard deviation reveals that there are many companies with few capital and 

some companies that pool enormous quantities of capital. Startups in this sector are 4.85 years old on 

average, with a significantly lower standard deviation than in other cases (relative to the average).  

Finally, there are more companies focused on business only than on business and consumers. 

Nevertheless, we should be cautious, as the standard deviation here is also high (almost as high as the 

average).   
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2. Correlations: 

Creating a correlation table will show us the interactions between variables and, after 

interpreting them, we may be able to extract clear conclusions. Before creating this table we have 

standardized all variables. Having said that, it is clear that there are some significant correlations: 

Table 3. Variables correlation panel 

Although we have included many variables in our analysis, not many are correlated significantly 

with other variables. Nevertheless, there is one that is significantly correlated and that is size and 

capital raised, a result to be expected from the start. Other weaker but still significant correlations are 

Age with Type and Target with Type. First of all, type of company and age seem to be correlated. Type 

1 companies are more likely to be older than type 2 and type 3 ones. Also related with the type of 

company there is the target of the company. Type 1 companies are more likely to be B2B enterprises. 

In other words, they are specialized in providing services to other companies. This is not surprising 

though, as we defined type 1 companies as having precisely these characteristics.  

The following tables are descriptive statistics of the variables: size, capital, target and age 

controlled by the variable Type of company. We aim to determine whether there are differences in 

these variables depending on the type of company. Each variable has been segmented to include only 

values of one type of company. 
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3. Size (In employees): 

Table 4. Number of employees by company type 

Table 4 indicates the number of employees for companies of each type (i.e.: Size 1 = number 

of employees in companies of type 1). All three types of companies have different average sizes in 

employees. Type1 companies tend to be bigger than other types of companies. Nevertheless it is 

important to note that the standard deviations are very large (as large as the averages, or even larger) 

and that this tells that we should be careful in taking conclusions. If we were to perform a statistical test 

to know if there are significant differences between the averages the results would be obviously 

inconclusive (meaning that there are not significant differences).  

4. Capital:  

 

Table 5. Amount of capital raised by company type. 

Table 5 shows the amount of capital different companies in each type have been able to raise 

over the years. This is one of the variables where all standard deviations are bigger than the averages. 

On the other hand, there are notorious differences in the averages, showing that type 1 companies 

have larger raised capitals than type 2 companies, and that both have raised on average more capital 

than type 3 companies. As a graphic example: type 1 companies have an average of 2.6 million € and 

type 3 companies of nearly 1 million€. 
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5. Age: 

Table 6. Age by company type 

Table 6 shows the years passed since the foundation of the company disaggregated by 

company type. In contrast with other variables, the standard deviations of age are lower than its 

averages. Type 1 companies are apparently older than other types of companies. Between type 2 and 

type 3 companies it appears to be no much difference, and statistically we could expect some 

significant difference between the averages.  

6. Target:  

Table 7. Market target by company types 

Finally, table 7 shows the market orientation of different companies in each company type. At a 

first sight, there appear to be differences in the target of companies. Nevertheless, it is important to 

note that there may be collinearity between the variable TYPE and this variable, because the first was 

designed taking the last one into account. In any case, type 3 companies are more focused in the 

consumer while the other two types (1 & 2) do the same but on other businesses. 
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 The situation of these companies is clearly summarized in the figures 3, 4, 5, and 6. We plot 

the different variables (Age, Size, Target, Capital) by company size. The box and whiskers plot for Age 

and Employees tries to give an indication of the strong variation our data has. The blue “x” mark in each 

box indicates the mean of each variable, while the blue line inside each box indicates the median. Piled 

bar charts for Target and Capital try to convey the percentage of each category a variable in each 

company type.  

We can infer a series of insights from these figures. First, although not significantly, the 

average age of Type 1 companies is slightly higher than the other two types. This suggests that Type 1 

companies were created before and was the first market demand to be satisfied. Further evolution and 

demand could have given place to the other types. Second, on average there are more people are 

employed in Type 1 startups than in other types.  
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Figure 7. Percentage of people employed by company type 

Figure 7 shows that on aggregate Type 1 companies create the most employment, followed by 

Type 2. The previous data suggests that the activities carried out in Type 1 companies are more labour-

intensive than the others, requiring on average and in total more workers. Thirdly, regarding the market 

orientation, we observe that a surprising 72.41% of Type 1 companies provide third-party services not 

only to other businesses, but also to consumers. In fact, we see that Type 3 companies are 1,9 times 

more likely to work with businesses only than Type 1 companies (52.28% for Type 3 compared to 

27.59% for Type 1). This result is probably due to the great demand there is for the consulting services 

of Type 1 firms, both from businesses and consumers, so that Type 1 companies have expanded many 

of their services to serve this new market niche. This would imply that Type 2 companies also have a 

significant penetration providing services to the customer segment. 

 

Figure 8. Total Capital Raised by company type 
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Regarding the capital raised, Figure 6 shows that Type 2 and type 3 companies have 

approximately the same capabilities for attracting investment. The composition of the capital raised 

suggests that Type 1 companies are the most attractive investment, followed by Type 2. On the 

aggregate, Figure 8 show that Type 1 companies have raised substantially more capital than all other 

types (129,500,000€). Its success is followed by Type 2 (97,500,000€), and Type 3 in a smaller scale 

(37,500,000€). 

4. Conclusions 

a. Results and implications 

Along the years, companies rise and fall. Some achieve success and grow exponentially while 

others stagnate. During our project it was clear that the majority of companies in this industry end up 

stagnating. The important thing for us and we think that also for future research is why do they stagnate. 

Our empirical analysis has found that type 3 companies are more likely to be newer (which 

indicates a trend in the industry) and also are more likely to be focused on both business and consumer. 

Finally, of all companies, type 3 companies are the statistically smallest ones. In other words, type 3 

companies are getting more common in the big data industry, and they are more consumer focused 

than before. In contrast, Type 1 companies seem to be the most successful ones in terms of functioning 

years, market potential, employment creation and investment attraction. Further policies in this area 

may need to focus on this type of companies as they are gaining increasingly more importance. We 

found that type 2 companies tend to evolve related to other sectors different to big data, meaning that 

these companies do not focus their force in evolving into the big data but more about connecting big 

data to different sectors. It also appears to be the case that some type 2 companies appear with the 

objective in mind to ending up selling data from their specific sector, because it’s also a way to obtain 

benefits apart from the main activity.  

Another interesting finding in our scale is that type 1 companies seem to have market 

dominance trends or oligopolistic behaviour (few companies tend to dominate the market). This can be 
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due to them taking advantage of the specialization and in this sector they can take a huge amount of 

scale economics from specializing. But still there is a lot of work left to do in order to corroborate this 

theory. We encourage further research to expand the study to different geographical areas, with more 

variables and different approaches.  

We recognize our study has a series of flaws. First, there may be many causal relationships 

between these characteristics and other variables that escape from our analysis. We must interpret the 

correlations cautiously and with common sense. The main problem listing startups is that you never 

know when the startups are actually active. A second problem is that most of the times the startups 

have a webpage and apparently is active but some indicators reveal signs of inactivity, for example 

when the level of turnover remains unknown for a long time, or if the size of the company remains low 

over the time. This can be due to principal reasons. On one hand, the startup is working in a passive or 

seasonal way, normally the second job of a computer engineer, and it is waiting for an eventful project. 

On the other hand, the business has become inactive recently but the webpage remains active because 

the domain is paid for a longer period.  

b. Future research 

Having analysed the big data sector in Catalonia has provided us with a rich understanding of 

the industry. Nevertheless, our model can also be applied to other geographic regions, which would 

provide important insights and validity comparisons with our study. A disaggregated sectorial study can 

be performed just as it has been done for Catalonia. Also, our classification could be replicated to 

include not only startups but also economy wide companies of different sectors and sizes, to get a more 

comprehensive picture of the state of the art of Big Data applications. A more complete database would 

also be generally more accessible when studying with larger companies.  

In order to improve the quality of our data a qualitative approach could be done. Our 

classification model relies heavily on the strategic information we can infer from the activities of 

companies. This is not necessarily true and may vary on subjective views. Further research needs to 
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address this issue by studying in more depth each company. This could be achieved with interviews, 

surveys and conversations with management roles or large samples of consumers. Companies can be 

asked about financial data, feelings of the market, expectations, past experiences, among others. This 

research approach would provide much richer information of this market, and would avoid considering 

inactive companies with active websites.  
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A short description of the activities of each company is accessible on the Barcelona & Catalonia Startup Hub 

(http://startupshub.catalonia.com/list-of-startups). If the reader is interested, we have compiled the descriptions of the companies we used in 

our sample in one single document that can be accessed publicly in the following site.  

https://drive.google.com/file/d/13wpwo7MFEGkLYdArBJaHBxy97ulGTty8/view?usp=sharing 

 

http://startupshub.catalonia.com/list-of-startups
https://drive.google.com/file/d/13wpwo7MFEGkLYdArBJaHBxy97ulGTty8/view?usp=sharing
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