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Introduction
Startups are innovative and typically, when successful, present an above-average increase 
in customers and revenue (Lugović and Ahmed 2015). Nevertheless, they own limited 
resources having to reach customers on a restricted budget. In order to succeed, start-
ups must raise funding. Social media platforms can serve as a gateway for various com-
munities, allowing companies to gain customers, obtain funding and grow by achieving 
their goals (Rizvanović et al. 2023). Undoubtedly, social media has become a fundamen-
tal piece of the global information ecosystem, generating large amounts of data. Social 
media data can provide information about clients, products, and the overall market, 
helping to improve decision-making processes (Saura et al. 2021). However, social raw 
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Social media platforms offer cost-effective digital marketing opportunities to monitor 
the market, create user communities, and spread positive opinions. They allow compa-
nies with fewer budgets, like startups, to achieve their goals and grow. In fact, studies 
found that startups with active engagement on those platforms have a higher chance 
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users who post high volumes of tweets and have high popularity levels, while those 
who follow them have low activity and are unpopular. The attained results reveal 
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data must be structured, prepared, and interpreted to infer relevant information to sup-
port decisions. Understanding social media as a tool can help enhance the company’s 
investment—ROI—while enabling better customer relationship management—CRM. 
Recent existing studies support this argument and consider social media data-driven 
projects a strategic business knowledge source (Saura et al. 2021).

Social media platforms offer cost-effective digital marketing opportunities that ben-
efit startups (Ruggieri et al. 2018). Studies have shown that active engagement on social 
media platforms increases digital engagement and can lead to better funding from 
venture capitalists or significant success in crowdfunding projects (Zhang et  al. 2017; 
Ko and Ko 2021; Hadley et al. 2018). Lugović and Ahmed (2015) found a positive cor-
relation between the Twitter activity of European startups and the total investment in 
their country of origin. Additionally, by creating communities relating users and service 
providers, startups can monitor the market and take advantage of electronic word-of-
mouth spread of positive opinions about their products (Ruggieri et al. 2018; Chu and 
Kim 2011). Social network analysis, also known as SNA, is commonly called the pro-
cess of monitoring the market and allowing for data-driven marketing strategies based 
on social media data (Hansen et al. 2019). Several existing studies have explored digital 
data using this methodology. For example, Ruggieri et al. (2018) focus on finding startup 
success patterns based on their presence on digital platforms. Hingle et al. (2013) col-
lected Twitter content to analyze dietary behavior, and the authors highlighted that data 
visualization allowed the identification of relationships between diet-related behavioral 
factors. Wu et al. (2016) show that visualization methods can help uncover social media 
analysis results and support data interpretation, leading to a network analysis and visu-
alization process. The authors of Hansen et al. (2019) propose a methodology, Network 
Analysis and Visualization, or NAV, to act as a design process model for enabling mean-
ingful network analysis and extracting relevant insights.

The primary aim of this study is to determine the degree to which startups use social 
media platforms to create communities, what distinguishes these communities, and if 
the individual startup communities intersect. Our findings might highlight the relevance 
of social networks and their online communities for startups. To the best of our knowl-
edge, none of the existing literature aims to understand how startups create communities 
on Twitter or if these communities intersect and create a global ecosystem. Therefore, this 
study aims to contribute to filling the gap in the literature regarding the analysis of social 
media communities around startups. For this, we selected eight renowned Information 
Technology (IT) startups founded by Portuguese administrators or headquartered in Por-
tugal from the Sifted 2020 Portugal startups list (Sifted 2020). The companies were chosen 
because they are currently at different stages in their life cycle and are considered active 
on Twitter. Portugal has created an excellent startup ecosystem by promoting initiatives 
like the Startup Portugal 200 M fund and several business incubators (Portugal Digital and 
Startup Portugal 2021). Additionally, Portugal is recognized for forging high-quality engi-
neering talents and showing a very high English proficiency index (Education First 2022). 
Twitter was selected as the social media data source due to its simple API access. This social 
media platform is a short text source widely used in academic research to analyze online 
behavioral patterns and the structure of the formed social graphs (Antonakaki et al. 2021). 
Furthermore, Twitter differs from other social media platforms because it allows users to 
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communicate with themselves publicly. It enables businesses to interact, create a commu-
nity of users, and, instead of working solely as a marketing tool, allows for instant feedback, 
being crucial to companies that want to stay relevant and make immediate connections 
with their audience (Tanner 2023). Therefore, Twitter is an ideal platform for small busi-
nesses like startups, where they are now massively present (Ward 2020). Under these condi-
tions, this case study intends to provide answers to the following research questions: 

RQ1:  Do IT Portuguese startups form their own social communities on Twitter?
RQ2:  In the case of community formation, are these disjoint, presenting different 

(types of ) users, or do they overlap?

Towards our goal, and to better perceive community creation, we have applied the NAV 
process to social media data. Specifically, a social digraph was built, representing the fol-
lowers and following communities of the startups under investigation. We utilized a com-
munity detection algorithm to determine if the startups form communities on Twitter 
based on modularity. This algorithm enabled us to visualize the communities in the digraph 
structure using different colors. The resulting visualization revealed that each startup had 
indeed formed a community. Furthermore, we were able to identify links between nodes 
of different communities, indicating that there was some overlap between the communi-
ties. To address the second research question, we characterized the communities’ users by 
analyzing their type, popularity, and activity level. This information enables the emergence 
of social media strategies that can be effective for startups to achieve their proposed goals, 
either for financial support or for product/service marketing actions.

This work highlights the benefits of using social media platforms for startups to estab-
lish user and service provider communities. Through a case study, we present a systematic 
process that enables the visualization of startup communities and allows for the detection 
of intersections between these groups, which can help startups monitor similar companies 
and select relevant users to follow or relevant public to attract. Additionally, we character-
ized the types of users in the overlap of Portuguese IT startup communities, including pro-
files related to the IT area or the startup ecosystem. Finally, the results indicate that startups 
should follow users showing high levels of activity and popularity and are relevant to their 
field to increase the effectiveness of their social media strategies.

The remainder of the article is organized as follows: In “Related work” section pre-
sents relevant related work, namely, the key role that informed visualizations perform for 
social media analysis. The following section describes the methodology employed for this 
research, which is based on the NAV process model  (Hansen et al. 2019). After that, we 
present an analysis and discussion of the results. Lastly, the conclusions of this research are 
presented, and paths for future work are delineated.

Related work
Social media platforms are essential digital marketing tools for small businesses like 
startups. This section explains how we can analyze communities created by startups 
when using social media platforms. We present a literature review of the methods and 
tools available for mining social media data using visualization, including network analy-
sis and community detection algorithms, focusing on their application to study social 
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communities on Twitter. Furthermore, we describe the role of social media in facilitating 
online communities. Lastly, we explain some relationships between startups and their 
social communities.

Visual analytics in social media analysis

Social media can be a valuable data source for businesses to extract digital market-
ing knowledge. Additionally, it can serve as a means to interact with their clients and 
potentially facilitate funding. Social media platforms generate two types of data: con-
tent data and interaction data. The content is usually found in a non-structured format, 
such as text and images. It can be retrieved from tweets and users’ comments. On the 
other hand, the interaction data can be represented by a network structure (a graph). 
An example of this interaction is the following relation, i.e., when a user follows another. 
Other examples are actions, such as: likes, shares, replies, and mentions.

Social media analysis is no more than the process of extracting information from 
social media data  (Hansen et al. 2019). In Serrat (2017), the authors explain that such 
analysis can either focus on the social actors or their relationships. However, social 
media platforms generate high amounts of data, which can make it difficult to under-
stand and analyze fully. Visual analytics is a promising approach for dealing with the 
challenges of understanding complex data (Keim et al. 2008). It aims to explore complex 
data through visualization using interactive visual interfaces. Visualization techniques 
can uncover social media patterns and trends and support data interpretation (Wu et al. 
2016). Furthermore, it helps gather insights from larger datasets, combining visualiza-
tion techniques with the human dimension for enhanced data analysis. The NAV meth-
odology arises from the need to combine network analysis with visualization, and it can 
be applied to each type of social media data to attain different goals.

Recent studies employ social media analysis through visualization regarding the con-
tent data. Saura et al. (2023) study tweets and apply topic modeling and sentiment analy-
sis intending to mine the opinion of Twitter users about open innovation. They used a 
graph-based visualization to unveil the relation between the topics. Hu et al. (2017) also 
analyzed tweets and performed topic modeling. However, this study’s originality lies in 
the design of a particular technique for visualizing the content of unstructured social 
media text. Likewise, Smith et al. (2014) developed a new visualization to disclose the 
relationships between words and topics in topic models applied to unstructured social 
media data. The creation of novel visualization methods is key since it acts as an enabler 
to improve data understanding and unveil new insights. Hingle et al. (2013) use Twitter 
content to extract dietary behaviors and highlight that data visualization helped identify 
relationships between diet-related behavioral factors.

In the same way, the literature highlights visualization methods and intrinsic data 
aggregation as tools to understand and extract knowledge from social media interac-
tion data. When a user follows another, this relation is represented by a directed link 
(edge), with the source being the follower and the sink on the followed one. The users 
connected through the following relation generate the so-called social graph (Gabielkov 
and Legout 2012). The visualization of the social graph can reveal network features that 
can help answer important research questions. As an example, Molla et al. (2014) per-
formed sentiment analysis of user Twitter contents and applied the results to color the 
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edges of the graph. This visualization highlighted where, in the social graph, negative, 
neutral, and positive opinions about a company existed. Abdelsadek et al. (2018) applied 
a community detection algorithm to a social graph, visually revealing the community’s 
structure and related characteristics.

Based on the previous works, we can conclude that visualization is an essential tool 
in order to extract insights and knowledge from social media data. Additionally, we can 
improve the visualization by selecting and computing features that will be applied to the 
structure, such as color or format.

Social graphs and communities detection

As previously mentioned, the social media interaction data derived from the action of 
“user following another user” is encapsulated into a network structure called the social 
digraph (Gabielkov and Legout 2012). In the digraph, a node represents a user and an 
edge represents the user-following-user relation.

Studies regarding social graphs can be performed either at the node level or at the 
network level. Antonakaki et al. (2021) explains methods that can be applied to node-
level studies of social graphs to measure users’ activity, popularity, and influence. Activ-
ity means how frequently the user interacts. In the case of Twitter, activity is measured 
by the number of tweets and retweets the user performs. Popularity measures how well 
a user is recognized, which usually can be estimated by the number of followers. A sim-
ple popularity measure is the Structural Advantage (Cappelletti and Sastry 2012), a ratio 
between the number of followers and of followings. Lastly, influence estimates how a 
user’s action influences (the actions of ) other users, being the most used metric at the 
node level for studies involving this type of graph. Influential users are better dissemina-
tors of information through social platforms because they are more central in the graph. 
Consequently, graph centrality measures like PageRank, betweenness centrality, and 
closeness centrality are applied to evaluate the user’s influence (Das et al. 2018). Further-
more, a recent work by Esposito et al. (2022) evaluated the relationship between network 
centrality measures and a firm’s success. The work’s results suggest success has a strong 
positive association with centrality measures of the firm and its large investors.

Regarding the network level, network metrics enable quantitative comparison 
between graphs and analysis of temporal evolution  (Hansen et  al. 2019). Between the 
metrics used, we can find counts of nodes and links, average counts, or the application 
of concepts such as density and centrality. Antonakaki et  al. (2018) used the average 
node degree and the average of incident edges to measure the evolution of a Twitter 
social graph over time. Said et al. (2019) conclude that Twitter communities have unique 
attributes that may impact the social media usage of their users.

Another way to dissect and extract information from a network is to apply algorithms 
that output some relevant structure or characteristic in the data. An essential concept 
in networks is that of the group or community: a set of nodes more densely connected 
between themselves than to others. The methods that find those groups are called com-
munity detectors and work as cluster algorithms  (Hansen et  al. 2019). These social 
media communities are essential for business, enabling a fast way to cultivate online 
brand awareness (Zaglia 2013). The community detection algorithms commonly used in 
the literature are based on modularity optimization. Modularity measures the strength 
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of the division of a graph. High values imply the graph has dense connections between 
the module’s nodes and sparser connections between nodes of the different modules 
(Blondel et al. 2008). The modules represent the clusters and, in this case, the commu-
nities. The modularity optimization algorithms will explore every node if the modular-
ity score increases when changing between modules. The specific steps and parameters 
depend on the algorithm used since, in the literature, many adaptations exist depend-
ing on the graph characteristics. Regarding social networks, Devi and Poovammal (2016) 
performed a complete review of the applicable options. One algorithm that stands out 
for social media platforms is found in the work of Leicht and Newman (2008), which 
considers the direction of the edges (connections). An example of an application of mod-
ularity optimization in Twitter communities can be found in Cruickshank and Carley 
(2020). The authors used multi-view modularity clustering to characterize and analyze 
hashtag COVID-19 pandemic Twitter communities.

In summary, social graphs represent social media relationships formed by users fol-
lowing each other. Analyzing these graphs at the node level provides insights into 
individual users’ activity, popularity, and influence. At the network level, based on modu-
larity, community detection algorithms can identify highly connected community nodes, 
acquiring information that is valuable for businesses looking to build brand awareness.

Startups and social media communities

Existing literature reveals investigations on the possible connections between start-
ups and social media platforms. Lugović and Ahmed (2015) found a positive correla-
tion between startups’ Twitter usage and the total investment in their country of origin. 
Zhang et  al. (2017) analyzed startups’ Facebook and Twitter metrics, discovering that 
active engagement positively correlates with startup crowdfunding success. Ko and Ko 
(2021) conducted a social media analysis regarding fashion startups using Instagram as 
the data source. They conclude that the startups presenting a higher number of followers 
showed a higher probability of succeeding in crowdfunding projects, meaning their pop-
ularity on Instagram helps raise funds. Hadley et al. (2018) conducted a study regarding 
startups to analyze how their influence and popularity may affect their funding by com-
bining US-based technology startups with venture capitalists and using Twitter as the 
data source. The authors found that the more central startups in the network, i.e., the 
most influential ones, received better funding and presented a more significant revenue. 
A similar study by Esposito et al. (2022) found that the network centrality of a firm and 
its large investors positively affects business success.

Ruggieri et al. (2018) aimed to identify trends in thriving startups’ digital activity. The 
study indicates that startups predominantly use digital platforms because of their cost-
effective functionality. In fact, social media platforms possess a widespread reach, are 
easy to access, and incur low operating costs, making them the ideal digital marketing 
gateway for startups to monitor the market. Furthermore, the study inferred that a com-
munity of clients and companies, as service providers, is crucial for business success.

Communities are fundamental for a positive impact on digital platforms on the 
startup, primarily social media communities. since they provide positive or negative 
opinions on both the products and the companies. Word-of-mouth is critical in every-
day oral communication, creating an impression or idea about a specific subject (Keller 



Page 7 of 21Peixoto et al. Applied Network Science            (2023) 8:66  

2007). In the realm of digital platforms, opinions are called electronic word-of-mouth 
(eWOM) (Hennig-Thurau et al. 2004), and social media are ideal tools for eWOM. Chu 
and Kim (2011) describe that eWOM enables the creation of a large community, which 
allows for increased digital engagement via social interactions, such as comments, likes, 
shares, and followings. The large quantity of those interactions might help raise a positive 
feeling in the social media profile (Wolny and Mueller 2013).

Following the literature presented, the relationship between startups and social media 
platforms provides startups with cost-effective digital marketing opportunities to moni-
tor the market and create communities of users and service providers. These commu-
nities help spread positive opinions about the products and companies via electronic 
word-of-mouth, increasing digital engagement through social interactions. Several stud-
ies have found that startups with active engagement on social media platforms have a 
higher chance of succeeding in crowdfunding projects or receiving better funding from 
venture capitalists.

Methodology
To visualize each startup’s Twitter community, we employed a methodology based on 
the NAV process model (Hansen et al. 2012). This methodology stresses the need for a 
heavy interactive process built around the following phases: (1) Define the visualization 
goal, (2) Collect and structure data, (3) Interpret data, and (4) Report results. Figure 1 
illustrates the process pipeline, describing each one of the step phases.

As we aim to understand how the following/follower relations create communities, in 
the first step, we defined our goal as that of constructing an informed visualization of 
Portuguese IT startups social media communities in Twitter, in alignment with the pre-
viously proposed research questions.

The next step consisted of collecting and transforming the social media data extracted 
via the startups’ Twitter accounts into structured data. This study case features the start-
ups in the information technology domain that are active on Twitter, founded by Portu-
guese, or have headquarters in Portugal. The eight chosen startups are: attentiveMobile, 
codacy, DefinedAi, feedzai, prodsmart, Talkdesk, Unbabel, and Virtuleap. The names 
of the startups are presented using the Twitter account username. attentiveMobile is a 
B2B company that offers a personalized mobile messaging platform; codacy is an auto-
mated code review platform; DefinedAi is a company that develops artificial intelligence 
training data services and solutions; feedzai is an artificial intelligence startup, and its 
core business is finance risk management; prodsmart deals with transforming factories 
into digital and smart ones by employing automation software to control workflows and 
production; Talkdesk is a platform to support sales teams for customer satisfaction and 
cost savings; Unbabel enables companies to serve customers in their native language 
with a scalable translation across digital channels; Lastly, Virtuleap offers a virtual real-
ity application that promotes brain health, supported by a library of games designed by 
neuroscientists.

Then, we extracted data from the Twitter accounts of users who follow the compa-
nies and users whom the startups follow. The extracted data format corresponds to the 
Twitter user object, from which the following features have been considered: id, screen_
name, followers_count, and friends_count. Subsequently, the data was structured into a 
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social digraph, with each node representing a user and each link denoting a following 
relationship, thus achieving a dataset with users that follow or are followed by startups.

After the organization of the data into a digraph structure, we recurred to using dif-
ferent visualizations to interpret the data and enable information extraction. In order to 
visualize the social graph, we employed Gephi (Bastian et al. 2009) and defined a layout 
and community clustering for data interpretation. As displayed in Fig. 1, steps (2), data 
structuration, and (3), interpretation, occur in an iterative fashion, where the visualiza-
tion and respective interpretation may require a different organization of the data to 
explore emerging insights further. For this case study, this happened mainly when trying 
to visualize the communities’ overlap. In the related literature, no specific visualization 
for the overlap between communities in a large social graph has been found, which led 
to a deeper exploration of possible visualization techniques, such as the ones presented 
in the coming sections, that in turn required different data organization.

Dataset

The Twitter API was used to extract relevant data, that is, data from the users that follow 
the eight chosen startups active on Twitter - followers - or users that the startups follow 
- following. The extraction occurred on May 31st, 2022, resulting in 30,565 accounts of 
Twitter users. Table 1 presents the number of followers and following users for each one 
of the companies, and Fig. 2 shows an illustration of the respective percentages in terms 
of the total number of links (edges) for each company using a stacked bar chart.

In terms of descriptive quantities, notably, all startups present a higher number of 
followers than of followings, meaning that their communities are mostly composed of 
Twitter users who follow their accounts. The only exception is prodsmart, for which the 
distribution of followers and following, although being approximately identical, shows 

Fig. 1 Current project’s pipeline using the NAV process model (Hansen et al. 2019)
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that this company mostly follows others. Interestingly, while Virtuleap is the startup pre-
senting the smaller community, it also presents an expressively higher percentage of fol-
lowers than of following, being the startup showing the highest rate of followers, 99.5%, 
closely followed by attentivemobile and codacy, with 94.6% and 94.7%, respectively. Talk-
desk is the startup showing the highest number of followers (7252), followed by attentive-
mobile (6842), and codacy (5048). Virtuleap stands out as the startup with the smallest 
number of links, likely attributed to its relatively recent foundation year: 2018.

Social digraph creation

After extraction, data has been structured into a social digraph, that is, a directed graph, 
where a node represents a user and a directed edge represents the user-following-user 
relation. This action resulted in a graph consisting of 30,565 nodes and 34,184 directed 
links/edges. The graph’s density, 7.32× 10

−5 , indicates that it is a very sparse graph, 
meaning that it presents very few edges compared to the maximum possible number of 
edges for this number of nodes. This sparsity was expected since the graph nodes rep-
resent mostly users who follow the startups, while information about the other nodes 
those users may follow or about their followings was not extracted. No weights were 
used since we have not extracted any quantitative information towards this end.

To enable community visualization, a community detection algorithm was used. 
As previously mentioned in the related work section, based on the description of the 
analysis performed by Devi and Poovammal (2016), we chose to use the modular-
ity algorithm for social digraphs created by Leicht and Newman (2008). Modularity 
measures the density of the connections within a graph’s structure and groups it into 

Table 1 Comparison of the startups counts of followers and following 

Startups Following Followers

@attentivemobile 387 6842

@codacy 283 5048

@Definedai 170 1908

@feedzai 920 3132

@prodsmart 1037 905

@Talkdesk 685 7252

@Unbabel 1116 3627

@virtuleap 4 877

Fig. 2 Distribution of followers and following users by startup
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modules. As expected, the results showed eight modules, one for each startup com-
munity, which has been validated by discovering the company at the center of each 
founded community. To evaluate the results, we measured the modularity score, 
ranging between 0 and 1, with higher values indicating a stronger community struc-
ture (McDiarmid and Skerman 2020). Our case study graph achieved a modularity 
value of 0.768, suggesting a robust community structure. We used the Python library 
CDLib (Rossetti et al. 2019) for the algorithm and evaluation.

For our analysis, we have selected a modularity-based algorithm due to its success 
in these social network scenarios showing few large communities, even though they 
usually suffer from the resolution limit problem. However, community detection 
algorithms are known to be quite unstable, with different algorithms sometimes pro-
ducing different results. To gauge the stability of our findings, we have also tested 
an alternate method proposed by Traag et al. (2015) to evaluate the eventual differ-
ences that may arise. This alternate algorithm uses asymptotical surprise, a metric 
that, like modularity, is employed to evaluate the quality of community detection 
in networks. This metric is a statistical approach that calculates the probability of 
observing at least a certain number of internal edges within the communities, given 
the total number of edges in the network. We choose to apply this algorithm because 
it is nearly unaffected by the resolution limit problem, the modularity optimization 
primary weakness. The results with the new algorithm are mostly identical to the 
previous results and with few large communities. We decided to carry on using the 
results obtained by the algorithm proposed by Leicht and Newman (2008) for the 
analysis.

Figure 3 shows the number of nodes—users—for the found communities, compar-
ing it with the respective number of followers plus following users of the startup, i.e., 
the total count of links of each of the companies. We have numbered each modular-
ity class from 1 to 8, representing each one of the startups’ communities.

Bearing in mind the quantities presented in Fig. 3, Talkdesk and attentivemobile pre-
sent the larger communities and Virtuleap the smallest, as expected. Interestingly, the 
number of nodes for each of the communities is lower than the sum of each startup’s 
number of followers and followings. This fact indicates that some of the users are shared 
between communities, meaning that the users who follow or are followed by the start-
ups may intersect. Virtuleap appears as an exception, presenting an identical number of 
linked users and community nodes: 881 linked users and 873 nodes in the community. 
This means that only eight users are shared with different companies.

Data visualization and interpretation
This section presents visualizations of the social Twitter communities built around 
the different startups, focusing on the extent and characterization of the overlap 
between them. Overlap in this context means that a user follows more than one of 
the startups or is followed by more than one startup. To extract knowledge that may 
inform the creation of social media marketing strategies, We examined information 
at the user level for the ones found in an overlap situation to understand their type 
profiles and characterize the general communities of followers and following.
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Social digraph visualization

In a first step towards informative visualizations, the circle pack layout (Groeninger 
2015) was applied to the social digraph to perceive what and how the communities 
are outputted by the modularity algorithm, as described in the previous section. 
This layout organizes the network into circles using a selected set of network fea-
tures. In this case, the only selected feature has been the modularity class, which 
allowed us to create a visualization where each circle represents one of the commu-
nities. To help interpret the graph, the nodes and links were colored using different 
colors. Since the central (centroid) of each formed cluster was found to be each of 
the startups, the coloring rule used a color based on the logotype of each company 
to color the nodes corresponding to their modularity class value. However, the links 
were colored using a mix of the colors from the source and the target nodes. Fig-
ure 4 displays the visualization thus obtained for this social digraph, where each cir-
cle represents one community. The name of the correspondent startup community 
central point, the startup, is also shown.

As expected, the graph shows that the communities varying sizes, with the Talk-
desk community showing its larger number of members and the Virtuleap commu-
nity the smallest, as seen in Fig. 3. Furthermore, as anticipated, the graph shows a 
significant overlap between the several communities, with nodes (members) con-
nected to more than one community in the social network graph. However, the exact 
degree of overlapping cannot be determined from this particular visualization alone, 
and additional analysis is needed to assess the implications of this overlap for the 
startups involved. It is essential to understand the degree of overlapping and how 
it may or may not differ in terms of followers and of followings since this distinc-
tion may have meaningful implications regarding actions in a startup’s social media 
strategy.

Fig. 3 Communities size distribution
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Overlap of communities

Understanding the communities’ common points may help startups expand their net-
works and gain a competitive advantage in their respective markets. The following sec-
tion aims to answer this question and grasp how the communities overlap. The overlap 
between communities in the context of social media refers to the situation where some 
users in the community around one startup are also part of other communities estab-
lished around different startups. In other words, as depicted by the edges traversing dif-
ferent communities in Fig. 4, these users follow more than one startup or are themselves 
followed by more than one startup.

To distinguish between the two different situations—when a startup follows a user or 
when a user follows a startup—we divided the network in two: one representing only the 
user-follow-startup relation and the other representing the startup-following-user rela-
tion. The resultant graphs’ dimensions show the difference in number between these two 
features that have been previously noticed in the analysis of Fig. 2: while the graph with 
the startups’ followers has 27,682 nodes and 23,270 edges, the one for the users followed 
by the startups consists of 4306 nodes and 4225 edges.

However, for a better understanding of what is the overlap between startups, the visu-
alizations must be more comprehensive. Data grouping is required since we discovered 
that some of the users in the overlap are shared between two or more communities. To 
accomplish this, we created two matrices: one for the followers of the startups and the 
other for the users the startups are following. The users in common for each combina-
tion of startups were counted, resulting in an overlap with 1289 followers (Fig. 5) and one 
with 249 following users (Fig. 6). The Python library upsetplot (Lex et al. 2014) was used 
to visualize the matrices, and the resultant plots represent the overlap in both of the 

Fig. 4 Social graph visualization: circle pack layout using the modularity class
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domains: Fig. 5 plots the different combinations of startups having followers in common 
and how many and Fig. 6 regards combination and counts for startups following shared 
users.

In fact, Fig.  5 is a subplot of the total visualization of the overlap with followers. 
Since a considerable number of users was found to be in overlap, for a more effec-
tive visualization, the data were filtered by applying a threshold to show values only 
when the number of users in common was above nine. As seen in the previous sec-
tion, Virtuleap displays only eight users in an overlap situation, and thus Virtuleap 
appears not to be sharing followers with other startups in this scenario where the 

Fig. 5 Followers overlap visualization

Fig. 6 Following overlap visualization, including user categories
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threshold was applied. Notably, the startup sharing most followers with other start-
ups is Unbabel, which shares a total of 667 followers with all the other six startups, 
even if under different combinations. The one sharing the least is attentivemobile, 
with a total of 63 shared followers. Furthermore, attentivemobile only overlaps with 
the startups showing the three highest numbers for overlapping. Interestingly, all 
these shares are duets that is these followers follow only two companies: Talkdesk 
(41 shared followers), Unbabel (12 shared followers) and codacy (10 shared followers). 
Nevertheless, this is an unexpected result since attentivemobile displays the biggest 
counts, both in its community dimension and for the total number of linked users. 
The pair of startups with more followers in common is codacy and Unbabel, show-
ing an overlap of 136, followed by Talkdesk and Unbabel with 115, and Talkdesk and 
feedzai with 96. The visualization presents eight trios, with the one sharing more fol-
lowers composed by Unbabel, Talkdesk, and Codacy, with a total of 54 users in com-
mon. Additionally, we can observe two quartets (with 19 and 16 users), one quintet 
(with 14 users), and one sextet (with 13 users).

Next, the shared following users have been analyzed. Figure  6 displays the over-
lap of the following by the startups, which may express coincident digital marketing 
options between them. Knowing the users in or not in the overlap can help to direct 
a digital marketing strategy. Therefore, we decided to manually categorize the 249 
users in the overlap. Since the categorization was manual, we chose a set of global 
and vague categories of the startup ecosystem to facilitate manual categorization. 
The annotation procedure looked at the user’s profile and bio description (usually 
stating the type of profile) and searched in Google for verification if needed. This 
annotation resulted in categories and in the colored visualization shown in Fig.  6. 
Similarly to what has been done with the followers’ scenario, we applied a threshold 
and considered values only above two shared following relations. Again, Virtuleap 
followings do not appear in an overlap situation since this startup only follows 4 dif-
ferent users.

Both the startups showing the higher and the lowest levels of overlap are still the 
same: Unbabel shares more following users (192 users shared in total) and attentive-
mobile shares the least (26, in total). Notice that the latter has exchanged its behav-
ior: while it shared many followers with other startups in the previous analysis, it 
now differentiates by following different users. By the analysis of Fig. 6, we can also 
conclude that Talkdesk and Unbabel are the pair presenting the highest number of 
followings in common, 88 users. Interestingly, most of the overlap occurs among 
Twitter users that are from the category “Person”, mostly experts in the core business 
field of these two startups: applications encompassing natural language processing. 
The next profile of common followings are “Company” and, naturally, “Incubators/
Accelerators.” The next pairings and groups of startups show much less following in 
common, as can be noted by the abrupt decrease shown from the second column of 
Fig. 6. We can see two trios: one consisting of five shared users and the other shares 
four. The trio sharing more following relations—codacy, prodsmart and Unbable—
consists of: the CEO of codacy (a “Person”), a Portuguese journalist (a “Person”), the 
Lisbon Investment Summit (an “IT Event”), beta-i (a “Company”), and a Portuguese 
blog (a “Blog”).
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Overlapping users characterization

In this section, we study the users that were found in overlapping communities. Under-
standing who startups follow and who follows them is important to better characterize 
the overlap.

Regarding the followers overlap, we found it appealing to understand what users follow 
most of the startups. These users are defined as the ones that follow four or more com-
panies, comprising a total of 68 users. Next, node-level metrics were applied to evalu-
ate their activity and popularity levels. These metrics were used both for the 68 users 
selected in the followers and for the 249 users selected in the following. Concerning user 
activity, we retrieved the total number of tweets and retweets in their Twitter profiles. 
We used a version of the Structural Advantage for popularity, the FF ratio (Cappelletti 
and Sastry 2012), that involves the number of followers and of followings:

This ratio indicates how popular a user is on the social media platform, with higher 
ratios indicating that a user has more followers than is following others. Values between 0 
and 0.5 indicate that the user is not particularly popular, following more users than being 
followed.

Concerning the followers’ overlap, Table 2 shows the percentages for each type of Twit-
ter user that has been encountered in this set of shared users and also the corresponding 
average values for the FF ratio and activity of each of the types.

Clearly, more than half of the users are classified as “Person,” accounting for 56.9% of 
the total, followed by “Blog” (10.8%), “Incubators/Accelerators” (10.8%), “Company” and 
“Venture capital/Investor,” both showing 6.2%. The categories showing the least are “IT 
event” and “Startup,” with 4.6%. The type “Incubators/Accelerators” displays the highest 
average FF ratio (0.65), followed by “IT event” (0.60), “Venture capital/Investor” (0.54), 
all above-average level of popularity. The remaining types show less favorable FF ratios, 
especially the type “Person”, which shows an average FF ratio of 0.27.

Regarding the activity levels, “Incubators/Accelerators” shows the highest average lev-
els (3988), indicating that this type of user is more engaged with their followers than the 
remaining user types. Next, we see “Blog”, with 2450, “Person” (2245), and “Company” 
(2216), all presenting similar levels of activity. Finally, we have “IT Event” (1184), “Ven-
ture capital/Investor” (989), and “Startup” (287).

FF Ratio =
#followers

#followers + #following

Table 2 Followers’ overlap: percentage of profiles encountered and node-level measures

User type n % FF ratio (average) Activity 
(average)

Person 37 56.9 0.27 2245

Blog 7 10.8 0.44 2450

Incubators/accelerators 7 10.8 0.65 3988

Company 4 6.2 0.38 2216

Venture capital/investor 4 6.2 0.54 989

IT event 3 4.6 0.60 1184

Startup 3 4.6 0.34 287
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In terms of the overlap that exists in the following relations, that is, the users that start-
ups follow, Table 3 presents the percentage of each type of user in this overlap, as well 
as the average FF ratio and the activity counts. The majority of the users followed by the 
startups are “Person”, accounting for 53% of the total, followed by “Company” (18.10%), 
“Blog” (10.50%), “Venture capital/Investor” (8.50%), “IT Event” (4.40%), “Incubators/
Accelerators” (2.80%), and “Startup” (1.20%). In this profiling, we can also encounter the 
type “University” (0.40%), albeit showing the least number of followings. The specific 
university is Instituto Superior Técnico, Lisbon, Portugal, from which many of the case 
study startups are either spin-offs or from where their founders obtained their degrees.

Comparing these users’ activity levels, we see that the type “Blog” shows the highest 
average activity level (107,924 tweets/retweets), which is consistent with this type’s main 
function. A “Blog” engages with its audience by regularly sharing meaningful content, 
which also explains why this is one of the most popular user types found in this over-
lap. In fact, when comparing this set of blog users with one of the followers previously 
discussed, the averages now are considerably higher than before, which entails that the 
blogs followed by startups are respected and credited blogs in this ecosystem. The next 
ranking position in terms of activity is occupied by the type “Person” that, with a 28,999 
average count of tweets/retweets, positions itself rather distant from “Blog”. “Com-
pany”, showing an average of 26,49 showing an average of 26,494, follows closely. All the 
remaining types show considerably less activity when compared with any of the previous 
ones. It should be noticed, however, that all these user types display higher activity levels 
on average than those found in the followers set. Namely, the lowest activity count for 
the followings—3216 average tweets/retweets (Table 3)—is still higher than the highest 
count for the followers (Table 2).

In terms of popularity, we can see that the user types with the highest FF ratios are 
“Blog” and “University” (both attaining 0.95), followed by the startups of this case study 
(0.88), whose popularity levels are close to “Company” (0.87), again close to “Venture 
capital/Investors” (0.84) and “Startup” (0.84) popularity levels. On the other hand, user 
types “IT Event”, “Incubators/Accelerators,” and “Person” show the lowest FF ratios, but 
still, all of these users can be classified as popular since any of them shows to have more 
followers than following others.

Notably, our case study startups mostly share the action of following persons and com-
panies relevant of the ecosystem. Other following types are “Venture Capital/Investor” 

Table 3 Followings’ overlap: percentage of profiles encountered and node-level measures

User type n % FF ratio (average) Activity (average)

Person 132 53 0.71 28,999

Company 45 18.1 0.87 26,494

Blog 26 10.5 0.95 107,924

Venture capital/investor 21 8.5 0.84 13,563

IT event 11 4.4 0.74 18,759

Incubators/accelerators 7 2.8 0.74 3216

Startup 3 1.2 0.84 8459

Startup case study 3 1.2 0.88 7752

University 1 0.4 0.95 6664
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and “Blog.” While both show a relatively high FF ratio, indicating popularity, the average 
activity levels are quite different. “Venture Capital/Investor” activity is not expressive, 
which may indicate that these users look upon Twitter more as an observational or pro-
motional tool than with the intent of engaging with other users. “IT Event” and “Incuba-
tors/Accelerators” show the lowest average FF ratios and activity levels, suggesting these 
users albeit being both quite popular, are not as active on this Twitter ecosystem as the 
remaining types.

Significantly, the categories of users found in the studied overlaps all belong to the 
startup universe, highlighting the interconnectedness of this ecosystem. Upon exami-
nation of the categorization of users in both overlaps, it becomes evident that most of 
the users who follow startups and those whom startups follow are individuals, and the 
second most common user type that startups follow is companies. Furthermore, start-
ups follow users showing higher activity levels, with an average of 19,669 tweet/retweet 
count, which strikingly compares with those users that follow startups, showing expres-
sively lower activity levels. In terms of popularity, startups follow users that are more 
popular than those who follow them, with an average FF ratio of 0.46 among followers, 
compared to an average of 0.84 among those whom startups follow.

Conclusions
Startups, known for their innovation and limited resources, must raise funding and 
reach customers on a restricted budget. Social media platforms offer a cost-effective 
gateway to various communities, enabling startups to achieve their goals and expand 
their business. Active engagement on social media can lead to better funding and create 
communities of users and service providers. This work investigates how startups fare on 
social media platforms, namely on Twitter, and if they create their own communities. 
Startups can benefit from data-driven projects using social media data, like the one in 
this study, as a strategic digital marketing knowledge source and unlock the power of 
social networks.

Our primary research goal was to understand if the follower/following relations on 
Twitter’s social graph create social communities around startups. Using Portuguese 
IT startups as a case study, we proceed with collecting and treating the needed Twit-
ter data to create meaningful visualizations, enabling us to extract relevant knowledge 
about the communities. The case study data, using eight IT startups having some type 
of connection with Portugal, was organized into a social digraph, representing the users 
and links between the different users found in the data, resulting in a graph with over 
30,000 nodes. Applying a community detection algorithm enabled the identification of 
communities in the data. Notably, the results showed that the communities were built 
around our eight chosen startups. By encoding the color of the social graph, the cre-
ated visualization highlighted each one of the startup’s community of users. Thus, we 
showed that IT Portuguese startups form their own social communities on Twitter and 
that these communities heavily relate to the fact that these companies are startups and 
Portuguese-related. Next, we used other types of visualizations, paired with manual user 
categorization and node-level metrics, that enabled us to characterize the found com-
munities and find out that, as expected, these communities show an interesting degree 
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of overlap between them, either from the perspective of the startups’ followers, as from 
the perspective of whom the startups are following.

We discussed the concept of overlap between communities on social media, which 
occurs when users belong to multiple communities established by different startups. We 
presented two graphs, one for followers and one for following, and analyzed the overlap 
between the startups. The resultant plots provide a comprehensive understanding of the 
social digraphs of startups and show the overlap between different startups.

As understanding communities is essential, we did two visualizations representing the 
overlap, one showing the startups’ followers and the other showing whom they follow, to 
analyze the overlap between startups. The resulting graphs fully represent the startups’ 
communities overlap. Then, we manually categorized the users in the overlaps. We dis-
covered that all categories of users belong to the startup universe, highlighting the inter-
connectedness of this ecosystem. Examining user categories in both overlaps revealed 
that most users who follow startups and those whom startups follow are persons. Com-
panies represent the second most prevalent user category that startups choose to follow, 
whereas blogs and incubators/accelerators are the second categories that most follow 
startups. In addition, startups tend to follow users who post high volumes of tweets 
and have high popularity levels. On the other hand, those who follow startups have low 
activity levels and are not popular.

Theorectial and managerial implications

As stated in the related literature, social media platforms offer startups affordable digital 
marketing opportunities to monitor the market and establish user and service provider 
communities. This study proposes a methodological process for social media community 
analysis on platforms like Twitter based on Network Analysis and Visualization (Hansen 
et al. 2019). The specific process displayed in this study involves five steps. First, select 
the users intended to be analyzed as the center of the communities. In this case, the 
center users were the eight chosen startups. Second, collect information on the follower 
and following users. Third, perform data transformation, including: user classification 
and user profile description, using popularity and activity metrics; data structuring into 
a digraph; creating two distinct tables, one for the followers and another for the follow-
ings. Fourth, visualize the data: use clustering algorithms and color to illustrate the com-
munities formed. Additionally, use visualization tools like upsetplot to gain insights into 
the overlaps between these communities. Finally, the fifth step consists of concluding 
and data-driven supported strategies gained by analyzing the communities created by 
the selected central users. This process can be applied in future social media community 
analysis studies.

This study’s first managerial contribution consists of a viable process for the visualiza-
tion of a startup’s community and when in an ecosystem, understanding the existence 
of shared followers or followings. Startups can use this method to monitor similar com-
panies, select users to follow, study which users others follow, and perceive their com-
munity. They can build marketing campaigns for extending it as needed, facilitating the 
creation of a wider social media community that might benefit them or benefit from the 
ecosystem.
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The second implication relies on the type of users found in the IT startup’s over-
lapping communities. After manually categorizing 317 Twitter users, we found that 
the user’s profiles in the overlap of the Portuguese IT startup communities are: “Per-
son,” “Company,” “Blog,” “Venture Capital/Investor,” “IT Event,” “Incubators/Accelera-
tors,” “Startup,” and, exceptionally, “University.” The first three categories found were 
all profiles of the IT area or of the startups’ core business. Furthermore, the last five 
categories relate to the startup’s ecosystem; thus, the ecosystem is mostly considered 
a closed environment. Examining the overlap and the type of users comprising it ena-
bles us to perceive the communities’ common points, which may help startups expand 
their networks and gain a competitive advantage in their respective markets.

The third relevant managerial implication relies on the activity and popularity of 
the users in the overlap of the communities. Startups seem to follow users who post 
high volumes of tweets and have high popularity levels, while those who follow them 
generally show low average activity levels and also, on average, are not considered as 
popular. Accordingly, the study recommends that startups keep studying their Twitter 
users’ activity and popularity profiles to stay relevant in their field and reach a wider 
number of other users.

Limitations and future work

Like all studies, the study has limitations that should be addressed in future research. 
Firstly, this study used eight Portuguese IT startups to develop a proof of concept. 
Future work should explore wider communities of startups, study startups working 
in different areas or industries, and be based in different countries to confirm and 
expand our results. Secondly, we focused only on social media communities created 
by startups on Twitter. Future research should compare community creation and 
overlap within other social media platforms. Thirdly, we manually performed the 
user categorization, enabling us to understand the types of community users over-
lap. However, if larger in scale, future studies should automatize the categorization 
process to allow the scalability of the process. Fourthly, this research focuses on the 
social graph created by the action of following on Twitter. Therefore, future works 
should consider extending the graph with more social variables, for example, using 
the number of interactions (likes, replies, and mentions) between two users as edges’ 
weights. Lastly, future research should consider the life cycle phases of startups as 
described in a related work (Peixoto et al. 2023) and explore the potential influence 
between those phases and the startups’ Twitter activity.
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