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A startup ecosystem is a dynamic environment in which several actors, such as investors, venture capitalists, angels, and fa-
cilitators, are the protagonists of a complex interplay. Most of these interactions involve the flow of capital whose size and
direction help to map the intricate system of relationships. &is quantity is also considered a good proxy of economic success.
Given the complexity of such systems, it would be more desirable to supplement this information with other informative features,
and a natural choice is to adopt mathematical measures. In this work, we will specifically consider network centrality measures,
borrowed by network theory. In particular, using the largest publicly available dataset for startups, the Crunchbase dataset, we
show how centrality measures highlight the importance of particular players, such as angels and accelerators, whose role could be
underestimated by focusing on collected funds only. We also provide a quantitative criterion to establish which firms should be
considered strategic and rank them. Finally, as funding is a widespread measure for success in economic settings, we investigate to
which extent this measure is in agreement with network metrics; the model accurately forecasts which firms will receive the
highest funding in future years.

1. Introduction

&e economic interplay between firms and investors is of
paramount importance in shaping the path and direction of
the economic growth of a country [1]. &ere is an ongoing
controversy about how growth and innovation are related,
but not about the existence of such a connection [2–5].
Accordingly, there is an increasing interest in developing
quantitative frameworks to identify and rate the strategic
players of an economic ecosystem [6, 7], a task particularly
difficult to accomplish when considering the dynamic and
high-risk environment of startup companies [8, 9]. It is not a
case that industrial innovation is one of the 17 Sustainable
Development Goals promoted by the United Nations for the
next decade; in fact, this aspect is crucial when considering
growing economies and developing countries [10–12].

&ese considerations are gaining more and more ground
so that recently some scholars have introduced the concept
of high-impact entrepreneurship just thinking about startup
firms [13, 14]. &eir complex ecosystem, including mon-
eylenders, investors, angels, banks, and financing agents, can
help our understanding of the state of health of the economy.
An old quote says: Winning is not everything. It’s the only
thing, but, what does winning mean in an economic setting?
Is it right to have just one possible definition of success
within such an intricate system of relationships? Are there
many possible and complementary definitions?

Our analysis of complex economic ecosystems belongs to
a research area, known as science of success, that is currently
gaining considerable relevance [15]. &is emerging sector of
complex system analysis exploits the increasing availability
of data to explore patterns that underlie success in diverse
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areas, such as international country rankings [16], scientific
publications [17], grant proposals [18], sports competitions
[19], and patents [20]. &e science of success investigates the
impact of certain universal procedures such as partnership,
mentoring, collaboration, or innovation, on the success of
different initiatives, with the aim of identifying a number of
common good practices, applicable in different contexts.

Inspired by the ideas of network success theory [21], we
investigate the relation between the success of a startup,
which a large body of literature defines as the capability of
obtaining massive capital [22], and its capability to fully
exploit its own business network. Actually, this attitude
could shed light on complex economic dynamics [23, 24]. In
particular, using a large public dataset, the proposed ap-
proach explicitly addresses the open questions raised by
previous studies [25, 26], especially concerning the possi-
bility of success being a direct consequence of a firm’s
networking.

As far as we know, few studies have investigated the
economic systems of startup firms within quantitative
frameworks [9]. Here, we present a quantitative assessment
of interactions involving startups and their investors and a
series of practical measurements borrowed by the mathe-
matical graph theory to determine which agents, investors or
beneficiaries, can properly be considered as “strategic” for
the economic system under investigation.

One question addressed by our work is whether eco-
nomic interplay can be accurately modeled with a complex
network, thus providing an objective framework to define
strategic actors within an economic system. Preliminarily,
we demonstrate that the informative content provided by
classical approaches, as those based on merely statistical
methods, fails to capture the whole picture. Actually, the
overall funding fails to fully identify actors playing key roles
in the startup ecosystem. Funding does not represent how

many investors are involved in a funding round. As a matter
of fact, the funds collected by a firm do not indicate its role in
the setting, for example, it does not yield any information
about which firms are connected to it, if it plays as an in-
vestor or it prefers the money conveyance.

To address this issue, we investigate here Crunchbase, a
platform collecting a large amount of data on the startup
ecosystem, with a special focus on investors, incubators, key-
people, funds, funding rounds, and events. &e Crunchbase
dataset was created in 2007 by the TechCrunch Company,
which managed it until 2015, when the Crunchbase platform
became a private entity. According to OECD, these data have
been used for over 90 scientific publications [27], whose
subjects range from business administration and economics,
with particular attention to venture capital and startup
companies [28, 29], to psychological evaluations of entre-
preneurship [30] and administrative science [31]. A par-
ticular mention must be given to studies concerning
mathematical models, especially inspired by complex net-
work approaches [32].

In fact, network theory is an extremely efficient tool to
model complex systems, especially to highlight the importance
of particular elements that in network jargon are called nodes.
In this work, we investigate a network model whose nodes are
the elements of the startup ecosystem: firms and investors; a
directed edge is drawn between two firms if a funding relation
holds, the origin being the investor firm. A basic idea to
measure nodal importance is by means of its position within
the network; the more a node is central, the more it is relevant.
By extension, all measures trying to capture the importance of a
node are called centrality measures, even when they have no
direct geometric interpretation. In particular, three types of
nodal importance measures can be distinguished, according to
the way in which a node can influence the others [33, 34]:
measures of immediate effects such as degree, measures of

Figure 1: &e Crunchbase network. A pictorial world map of the Crunchbase ecosystem. For each nation, the percentage of companies
tracked within Crunchbase is represented. Nodes are in black and arrows in red.
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mediative effects such as betweenness, and measures of total
effects such as eigenvector centrality. In this work, we consider
strategic those firms whose behavior in terms of funds, degree,
or betweenness significantly differs from other firms. &e
measures expressed by network centralities represent infor-
mation complementary to that provided by collected funds and
help to highlight different points of view on the startup eco-
system. For example, degree centrality measures the overall
number of connections of a node, and the underlying as-
sumption is that the larger the number of connections, the
greater the importance of the node. &e degree distribution
unveils important properties of a network, like the scale-free
structure [35, 36]. Another example is the betweenness cen-
trality [37]; this measure evaluates the node importance by
taking into account the number of paths within a network
exploiting that specific node; in this sense, it depicts the nodal
importance with a more dynamic flavor. For the last class of
measures, we can mention eigenvector centrality [38]. How-
ever, we will not further investigate this kind of centrality, since
it is typically employed to characterize nodes in undirected
networks, while, as we shall discuss in the following, our study
is based on a complex network model with directed edges.

Accordingly, this work explores the use of degree and
betweenness to highlight the different roles played by eco-
nomic actors and rank their importance. &e proposed
analysis reveals information about the firms which could not
be retrieved otherwise by merely inspecting the collected
funds. Nonetheless, as collected funds are widely adopted as
a measure of success, in the second part of this work, we
investigate how network centralities can be seen as a proxy of
future success defined as being an outlier in the distribution
of collected funds. In particular, our model relates the
network centralities of a firm to its possibility of being a
funding outlier in a future time.

2. Materials and Methods

2.1. Crunchbase Data. In this study, we focus on the
Crunchbase dataset, a huge set of data collected on the
crunchbase.com site. Specifically, our results are based on
the 13 October 2017 update. &is site hosts contributions
from all over the world and is, to date, widely considered as
one of the most comprehensive publicly available datasets
about investment and funding on a global scale, as it con-
tains more than 50 million records. More precisely,
Crunchbase includes detailed information on more than
550000 companies from 160 countries (Figure 1), distributed
among 38 different economic categories. Nonetheless, it is
worth emphasizing that not all the companies and investors
contained in the dataset are involved in funding rounds, but
121950 of them actually are. &ese latter elements are of
interest for our subsequent analysis.

Some of these firms are investors, classified into 10
possible types. Crunchbase data are organized in 17 distinct
datasets, as listed in Table S1 in the Appendix and focusing
on several specific subjects, such as acquisitions, economic
categories, collected funds, personnel, investment partners,
and geographic site. Besides, Crunchbase includes infor-
mation about funding events, such as how many funders are

involved, how much money (in USD) was collected in a
funding event, and its date. In particular, funds are reported
back to 1960.

By use of the data available on Crunchbase, we are able to
accurately track the flow and direction of investments and
identify those companies (VCs, startups, and business angels)
that outperformed in attracting and/or investing capital.
Besides, we took into account geographical information about
the firms to geolocalize investment patterns, the economic
category describing the business activity of each company,
and the investor role (e.g., angel and accelerator) played by the
various agents within the economic system.

Crunchbase companies are almost ubiquitous; never-
theless, the USA is by far the leading country (53.6%), as
expected being the USA an extremely favorable country for
this kind of business; it is worth noting that the second
country is the UK with only 7.6%. Among different eco-
nomic categories present in Crunchbase, Internet services
and e-Payments play a leading role accounting for 19.3% and
14.4%, respectively; software (6.1%), science (5.8%), and ICT
(5.6%) firms have also a consistent representation. Finally,
concerning the investor types, the most frequent ones are
angels (60%) and venture capitalists (28%), while other
categories have occurrences not exceeding 5% (Table S2).

2.2. Modeling the Economic Interplay. Based on information
about the flow of investments, we modeled this economic
interplay with a directed complex network: nodes represent
all the elements reported in Crunchbase, both startups and
funders, while the directed links correspond to the invest-
ments, the origin being the investor company (funder) and
the end being the one receiving funds. &e reason for such a
model is twofold: on the one hand, we get a representation
adherent to traditional economic approaches monitoring the
money flux; on the other hand, this model of economic
interplay is straightforward and easy to interpret. A not
secondary aspect to mention is that, thanks to this model, we
can provide a quantitative evaluation of nodal importance.
&us, we can establish to which extent a firm plays a strategic
role within the economic system and measure the success
probability of its business.

We denote as N the set of Crunchbase economic players
and L the set of past economic transactions, so that, for each
pair of nodes ni, nj ∈ N, a transaction (i, j) ∈ L is a flux of
money from ni to nj. Accordingly, the directed graph G,
denoted as the couple (N, L), has order |N| � 121950 and
size |L| � 289396. Of course, this graph is not symmetric as
the existence of a connection (i, j) does not imply the ex-
istence of its counterpart (j, i). It is worth noting that the
network model is built using all transactions occurred be-
tween 1960 and October 2017.

Crunchbase does not keep track of the amount of each
transaction, so that a weighted description of the graph is not
accessible. Nevertheless, we do know the overall amount of
collected funds for each company. Considering the amount
of collected funds f as a proxy variable of the business
success of each company and given the country c, the
economic category e, and the investor type t as auxiliary
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attributes, each node can be parametrized as
ni � ni(f; c, e, t). &e primary goal of this work deals with
investigating the existence of significant relationships among
these four variables, four distinct assets for a successful firm.

Even if f is a fundamental measure of nodal importance,
in this work, we demonstrate that it does not yield an ex-
haustive picture of the economic system under analysis; on
the contrary, the network properties assessing the flux of
capitals can result in a significant improvement of its de-
scription. Complex network theory provides us with several
mathematical tools to evaluate this aspect. We consider three
centrality metrics for each node ni, namely, the indegree

k
(in)
i � 

N

j≠ i

lji, (1)

where lji is 1 if there is a link incident on node ni from node
nj and 0 otherwise, the outdegree

k
(out)
i � 

N

j≠ i

lij, (2)

and the betweenness

bi � 
s,t

g
(i)
st

gst
, (3)

where g
(i)
st denotes the number of geodesic paths starting

from node ns, passing through the node ni and reaching the
node nt, and gst denotes the cardinality of the whole set of
geodesics starting from ns and ending to nt. We chose these
three measurements as the most suitable ones to characterize
some specific properties of companies in Crunchbase:

(1) &e investor attractiveness
(2) &e financing power
(3) &e capital conveyance

Capturing this information provides a deeper knowledge
on the economic system of startup firms, as it takes into
account how funds are collected, outsourced, and conveyed.
It is worth noting that, in general, there is no reason for these
three distinct actions to be performed by the same agent; on
the contrary, it is reasonable to assume that, according to
each aspect, specific strategic actors can be identified. Be-
sides, from this picture, it is also manifest that considering
only the amount of funds collected by a firm provides too
limited a description of the system.

2.3. Defining and Measuring Success. A straightforward
definition of success for a startup business, at least until it
becomes profitable, is the amount of capital it is able to
collect. &is definition seems reasonable in terms of both
meaningfulness and interpretability; another key aspect is
that capitals are quantitatively measurable, and thus, they
provide an objective strategy to evaluate success.

&e amount of funds collected by a startup is a reliable
measure of its success, but provides a limited picture of what
happens in the startup ecosystem. For example, the amount

of collected funds does not contain information about the
number of funders and obviously does not quantify the
capability or willingness to fund other firms, as well as the
attitude to convey capitals within the system.

To answer these questions, a richer set of information
about the system should be taken into account, instead. For
example, within an economic system, there are companies
whose main role is not that of collecting capitals, but
investing them. Accordingly, their importance would be
hidden if considering only the amount of collected funds;
nevertheless, their presence is an invaluable asset for busi-
ness. Another crucial aspect concerns the way capital moves
throughout the economic system. In network theory, it is
well known that some nodes can deeply influence other
nodes even when they are not directly connected, but thanks
to an indirect influence. Moreover, a comprehensive de-
scription of the startup ecosystem should distinguish cases in
which subjects collect similar amounts of funding but
employ them in very different ways, e.g., for their own
expenses or to finance other firms.

We investigated the distribution of collected funds
within Crunchbase and compared it with the distributions of
indegree, outdegree, and betweenness. By applying the
nonparametric Kolmogorov–Smirnov test, we found a
statistically significant difference (p< 10− 3) between all
centrality distributions and the funding one (Figure S1).&is
analysis confirmed that the informative content provided by
network centralities does not significantly overlap with that
provided by funds. &en, for each distribution, we deter-
mined the outlier observations.&e distributions considered
in this work are positive definite; in fact, both funds and
network centralities admit only positive values. We hy-
pothesized here that strategic companies are simply the right
outliers, as they were able to collect funds, investors, in-
vestments, and capital transfers significantly better than
others. &e outliers are defined as those elements with high
values of centrality measures (funding, indegree, outdegree,
and betweenness), thus obtaining four kinds of outliers.
Since we need a quantitative definition of high values, a
standard procedure to define the outliers is used: the boxplot
method. For each centrality measure, all the elements whose
values exceed the threshold value given by the 75th per-
centile of their distribution added to 1.5× the interquartile
range (IQR) are defined to be an outlier. In this sense, they
are successful companies, and further methodological details
are provided in Appendix S1.

3. Results and Discussion

3.1. Successful Companies. We found 7176 outliers for the
distribution of funding, 14716 for indegree, 12846 for
outdegree, and 1523 for betweenness. Besides the bare
numeric differences, which demonstrate how the number of
strategical elements strongly depends on the definition of
importance adopted, further insights were obtained by
computing the Kendall correlation τ between each centrality
distribution and the funding one. Results reveal that the
indegree centrality has the highest correlation with the
amount of collected funds (τ � 0.4), a rather intuitive
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outcome, while the outdegree and betweenness are less
correlated (τ � 0.1 for both of them). All three correlations
have a 1% statistical significance, which demonstrates the
existence of monotone relationships between funds and
centrality measures. &e top 50 firms for each ranking are
alleged in Table S3; a synthetic overview is presented in
Table 1.

&ese findings, somehow expected for what concerns
outdegree and betweenness, could appear, at first glance,
surprising for indegree. In fact, it is reasonable that the
ability of a firm to collect funds should be proportional to the
number of investors it can relate with. On the contrary, this

result suggests that large investments tend to arrive in
solitude and that when a firm is able to collect funds from
different sources, it is probable these will be small funds.
Nevertheless, this is not the only conclusion we can draw
from this model; a further characterization, which the
previous rankings cannot outline, can be provided instead in
terms of economic categories and investor types.

Of course, success is a multifaceted concept and can be
defined in many alternative ways, e.g., by using profitability
measures such as the income flow or by considering startup
acquisition and initial public offering (IPO). However, these
aspects fall outside our scope and represent complementary

Table 1: Best performers for nationality, category, and type.

Fund Indegree Outdegree Betweenness
Nationality
(1) USA (70%) USA (72%) USA (57%) USA (55%)
(2) CHN (7%) UK (5%) UK (7%) CHN (9%)
(3) UK (4%) CAN (3%) DEU (3%) IND (5%)
Category
(1) Is (21%) Is (25%) eP (72%) eP (24%)
(2) Sc (15%) Sc (9%) Is (6%) Is (21%)
(3) eP (8%) eP (8%) Sc (2%) Sc (7%)
Type
(1) VC (63%) VC (54%) VC (50%) VC (51%)
(2) PE (15%) Acc (35%) Ang (31%) Acc (25%)
(3) Inv (4%) HF (4%) PE (9%) PE (10%)
Comparison of top three rankings according to funding (Fund), indegree (In), outdegree (Out), and betweenness (Bet). Nations are abbreviated according to
International Naming Convention. Categories: Internet services (Is), e-Payments (eP), and Science (Sc). Investor types: venture capital (VC), private equity
(PE), accelerators (Acc), angels (Ang), investment bank (Inv), and hedge funds (HF).
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viewpoint, with their own peculiarities and interpretation
difficulties, in characterizing the startup system. In con-
clusion, the choice to consider successful firms according to
collected funds yields is twofold: (i) it is intuitive and (ii)
widespread in economic literature [21, 22].

3.2. Investors and Economic Categories. &e sole inspection
of funding outliers unveils important information about
success.&e results on top nations, economic categories, and
investor types, reported in Table 1, confirm what has been
found in other studies [39, 40], with different data. What can
we say for network centralities? Do they either confirm these
findings or provide novel insight? To answer these questions,
we compared the funding outliers with the indegree, out-
degree, and betweenness ones and found significant dif-
ferences (p< 0.05 Bonferroni-corrected) for nationalities,
economic categories, and investor types. In particular, our
analyses highlighted the role played by the USA and Chinese
firms for what concerns nationality; e-Payments, Science,
and Internet services for economic category; and finally,
venture capital, private equity, accelerator, and angel for
investor type (Figure 2).

Further details about this analysis are presented in
Figures S2(a)–S2(c), S3(a)–S3(c), and S4(a)–S4(c). USA
firms are able to collect more funds than expected just
looking at network centralities, the larger difference being
between funding and outdegree; this is not surprising as the
USA hosts the majority of Crunchbase firms and provides
extremely advantageous economic conditions, especially for
startups. It is instead surprising that the prevalence of USA
firms among outdegree outliers is much smaller (around
20%) than for the other distributions. Of course, the fact that
USA firms are the most frequent among the Crunchbase
elements importantly affects these results; nevertheless, the
fact that a country is present with a given frequency does not

ensure that its attributes (funding, indegree, outdegree, and
betweenness) should be outliers with the same frequency.
For example, for what concerns nationality, Figure 2 shows
that this happens only for USA and China. In these nations,
we observe a significant difference between the frequency of
funding outliers and network outliers. In particular, USA
firms are able to collect more funds than expected just
looking at network centralities, the larger difference being
between funding and outdegree.

&e startup ecosystem encompasses almost entirely the
whole range of economic sectors; through the examination
of how funds are distributed among successful firms, we
established that Science applications and Internet services
are generally the economic categories able to collect the
largest amounts of funds. In fact, these two categories ac-
count together for about 38% of funding outliers. On the
contrary, network centralities, especially outdegree and
betweenness, outline the role played by e-Payments. Actu-
ally, e-Payment firms represent 72% of outdegree outliers
and 23% of betweenness outliers, a result which makes sense
as this specific economic sector is particularly devoted to
capital investments and conveyance.

Finally, for what concerns investors, we found 4 sig-
nificant outcomes: (i) Venture capital firms have an out-
standing presence among outdegree outliers, according to
their compelling vocation for investments. (ii) Private eq-
uities show a significant presence among outdegree and
betweenness outliers; on the contrary, they are completely
absent from indegree and funding outliers, suggesting their
strategic role in investments and capital conveyance. (iii) We
observed a significantly larger presence of accelerators
among indegree and betweenness outliers, suggesting an
interesting interpretation: strategic accelerators are oriented
to collect funds of small/medium entity from a large number
of investors and convey them to other firms. &us, they are
strategic players, acting as connection hubs within the
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startup ecosystem.&eir crucial role in the network structure
would have been neglected in an analysis based only on
funding outliers, a set in which accelerators represent only
7% of firms, while their frequencies among indegree and
betweenness outliers are 38% and 24%, respectively. (iv) &e
outdegree outliers show a significantly larger presence of
angels (36%) compared with other distributions, a result
outlining the fundamental role played by these investors in
granting funds to a large number of firms. Even in this case,
this role would not be noticed by just looking at the funding
distribution, where angels do not appear at all.

3.3. Forecasting Success. So far, we have essentially outlined
two different points: firstly, the informative content pro-
vided by funding is significantly different from that provided
by network centrality measures; secondly, funding and
centrality characterize different strategic aspects of an
economic ecosystem. Now, we address the two last ques-
tions. Identifying successful firms with the outliers of
funding distribution, are network centralities proxies of this
notion of economic success? If yes, to which extent?

Provided that in Crunchbase each firm is a node
n � n(f; c, e, t), we investigated to which extent we could
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formulate an alternative description by modeling funding
where i, o, and b are the proposed centrality measures:
indegree, outdegree, and betweenness, respectively. It is
worth noting that, based on the peculiar nature of the startup
funding (which is usually a one-time-event), the amount of
collected funds in one funding round is weakly correlated to
those raised in successive funding rounds (see Figure 3).

&e figure shows how correlation is rather weak even at
low values of future years (0.2 at 1-future year), approaching
zero as the time interval between the two observations
increases.

Multiple supervised strategies could be applied; however,
for the sake of interpretability and given the exiguous
number of independent predictor variables, we chose a
logistic regression approach [41]. Formally, our outcome
variable f is 1 for a successful firm and 0 otherwise; we
express f as a function of (i, o, b):

f �
e
β0+β1i+β2o+β3b

1 + e
β0+β1i+β2o+β3b

. (4)

It is worth noting that Crunchbase observations date
back to 1960; however, until 1999, only 2739 records were
acquired; they were 10221 just considering the year 2000.
Accordingly, to forecast business success, we considered
only data collected from 2000 to 2017, thus resulting in
78298 firms. Besides, when considering forecasting, we re-
stricted our data to firms surviving up to 9 years. For each
year y and for each node nj, we evaluated the indegree i

(y)

j ,
the outdegree o

(y)
j , and the betweenness b

(y)
j , which are the

independent variables of the model. &e dependent variable
f

(y)
j indicates whether node nj in year y is an outlier for

collected funds or not.

For every year T ∈ 2000, . . . , 2017{ } in the dataset, we
built the related network and computed the nodal cen-
tralities; then, for each node, we determined if in a future
year it corresponded or not to a funding outlier; successful
firms were labeled with 1 and 0 otherwise.&en, we trained a
model at a time T and used the future years for test. &e
analysis was carried out within a 5-fold cross-validation
framework, and the procedure was repeated 100 times.
Finally, we used network centralities to predict whether after
1, 2, . . . years a firm will be a funding outlier and evaluated
the performance of the model in terms of the area under the
receiver operating characteristic curve (AUC); results are
shown in Figure 4.

&ese results show a significant association between
network centralities and the amount of collected funds up to
four/five years in the future, with median AUCs ranging
from 0.73 (+1 year) to 0.61 (+5 years). As expected, the
forecasting accuracy decreases as we move forward in time;
the prediction to 9 years is barely distinguishable from
random. Our findings emphasize the robustness of pre-
dictions, as training and validation performances do not
show significant differences.

Besides, we examined sensitivity and specificity and their
variation according to the ratio between successful and
unsuccessful firms for each year (see Figure 5).

Two considerations arise: (i) our model’s ability of re-
trieving nonfunding outliers (specificity) slightly grows over
time and (ii) the performance drop observed in terms of
AUC values is caused by the worsening of sensitivity, i.e., the
capability to detect successful firms. &is effect is dominated
by the substantial drop of these firms over time; in fact, the
successful firms which initially represented 4/5% of the data
after 9 years were only 1%.
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Figure 6: Effect size. For each year, the importance of node centralities is expressed in terms of Cohen’s D coefficients in a symmetric log
scale.
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To evaluate the importance of the different predictors,
we used Cohen’s D [42]. Cohen’s D is an effect size measure;
it compares the difference of two sets of observations or
measures with their intrinsic variability:

D �
E X1  − E X2 

σ
, (5)

where E[X1] and E[X2] denote the expectation values for
the sets of observations X1 and X2, respectively, and σ is the
standard deviation divided by the square root of the number
of training observations. Using Cohen’s D to evaluate the
feature importance in the logistic regression, we found that
the indegree is the most relevant feature to predict success in
collecting funds (see Figure 6).

&is result is particularly evident at very short time
ranges (+1 year); interestingly, at time scales between +1
year and +3 years, the effects of both outdegree and

betweenness increase. For larger times, the indegree
maintains its paramount importance while the other
centralities remain comparable, but with different signs.
&ese results would suggest that, in the long period, the
successful firms are not only those able to collect capitals
from many investors, but also those playing an active role
in financing activities; negative coefficients in a logistic
regression model translate into odds ratios that are less
than one. &is, in turn, means that the predicted prob-
ability is decreasing as the covariate increases. &us,
conveying capitals would seem instead anticorrelated to
success. Finally, collecting capitals is an important asset
for economic interplay, but its impact yields a greater
effect at a short time range.

Interestingly, the more an element is able to facilitate
the money flux in the startup ecosystem, the more its
probability of having success in future years decreases. &is
result clearly indicates that, even if money conveyance can

Table 2: &e effect of present funding and firm-level variables on the model accuracy.

Year Original model
AUC/sens/spec (%)

Present funding
AUC/sens/spec (%)

Firm-level variables
AUC/sens/spec (%)

+1 73/64/69 83 ∗/56 ∗/86 ∗ 81 ∗/79 ∗/68
+2 71/53/75 79 ∗/49 ∗/86 ∗ 81 ∗/80 ∗/68 ∗
+3 67/48/75 73 ∗/40 ∗85 ∗ 80 ∗/79 ∗/68 ∗
+4 63/41/75 67 ∗/32 ∗/85 ∗ 79 ∗/73 ∗/69 ∗
+5 62/34/78 63/23 ∗/87 ∗ 77 ∗/69 ∗/71 ∗
+6 58/24/81 59/16 ∗/88 ∗ 73 ∗/55 ∗/74 ∗
+7 56/19/85 57/15 ∗/88 ∗ 71 ∗/48 ∗/77 ∗
+8 54/16/86 54/14 ∗/89 ∗ 69 ∗/42 ∗/79 ∗
+9 53/16/86 52/12 ∗/89 ∗ 68 ∗/36 ∗/81 ∗

&ese values refer to the variance of the median values of the yearly distributions of AUC-ROC, sensitivity, and specificity. Significant differences according to
the Mann–Whitney test at 1% significance level with a Bonferroni correction are marked (“ ∗”).
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Figure 7: AUC-ROC, sensitivity, and specificity for the logistic regression model with network centralities only for the “e-Commerce”
coarse economic category.
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be considered an asset [25, 26], it should be considered with
caution when collecting funds. However, it should be taken
into account that startup funding is the only funding
mechanism considered here. Many betweenness outliers
are stable and powerful firms (e.g., Alibaba, Google, Yahoo,
Amazon, and Uber) which obviously do not focus their
activities on collecting funds in the examined startup
ecosystem, but do have an important role as publicly ac-
knowledged mentors, thus justifying their prominent role
in conveying money.

A primary goal of this work was to provide an inter-
pretable model; accordingly, we adopted here a logistic
regression approach. In particular, the logistic regression has
manifest advantages: it returns both a measure of impor-
tance for each predictor, given by the magnitude of coef-
ficients, and the direction of association, namely, the sign of
coefficients. Nonetheless, other learning and modeling
strategies (e.g., random forests, deep learning, and multiplex
networks) could be adopted and could represent an inter-
esting theme for future works.

In order to complete the characterization of the pre-
dictive power of the model, we apply the classification al-
gorithm to detect the funding outliers in each of the 8 coarse
economic categories, defined in Appendix S2 (see Table S4).
Results are shown in Figures S5(a)–S5(d) and S6(a)–S6(d) in
Supplementary Material. In order to compare the perfor-
mances of the original model with those for each coarse
economic category, we performed Kolmogorov–Smirnov
test and the coarse category “e-Commerce” witnesses an
improvement of all its performance measures (AUC-ROC,
sensitivity, and specificity), while all the other coarse cate-
gories do not. Graphs for this coarse economic category are
shown in Figure 7.

&ese findings suggest that the model provides reliable
predictions concerning the success in funding round events
of startups belonging to this coarse category (encompassing
the original e-Commerce and e-Payments categories). &e
result is particularly interesting in view of the practical
application of our model, since it proves to be able to
predict funding success in such a growing and influential
sector.

3.4. Insight: the Role of Funding and Firm Variables.
Previous findings show how network centralities and
funding correlate. We investigate now whether the funds
collected at present time are a good proxy for future funds
(for example, a trivial Matthew effect can be in action) and to
what extent the introduction of other firm-level variables
(e.g., economic category, investor type, and employee
number) in the model can improve the model’s
performance.

First of all, we assessed the effect of present funds on
the forecast of future funds. We previously showed that
the amount of funds collected within a specific year is
weakly correlated to the amounts collected during the
successive funding rounds. In addition, we considered a
model including present funding as a predictor. For
further assessment, we also included within the model

some firm-level variables. In particular, we considered (i)
the investor type to distinguish the role played by each
firm (e.g., angel and accelerator); (ii) the economic cat-
egory to which a firm belongs; (iii) nationality of a firm to
consider the geographical differences; and (iv) employee
count to take into account a firm’s size. Each variable
required specific considerations and preprocessing to be
included in the model, and such details are presented in
Appendix S2.&e results of these analyses are summarized
in Table 2.

Significant differences with respect of the original model
are assessed with a Mann–Whitney test (1% significance),
with a Bonferroni correction for multiple tests. &e intro-
duction of funding as a predictor involves a small but sig-
nificant improvement, especially from +1 to +5 years.
Interestingly, the inclusion of present funding lowers the
model sensitivity, thus confirming the poor relationship
between present and future funding. &e model accuracy,
with respect to all the three proposed metrics, significantly
improves when enlarging the bucket of available predictors;
the drawback is that such information can be often difficult
to collect.

4. Conclusion

In this study, we developed a quantitative and easy-to-interpret
model to account for the strategic importance of firms within
an economic infrastructure. Last, but not least, we also dem-
onstrated that, although funding and network centralities
explain different effects, with a logistic regression model, it is
possible to forecast the success of a firm up to five years in
advance using only network metrics. Specifically, we identified
the indegree as themost important centrality metrics to predict
whether a firm is an outlier of the distribution of collected
funds. Moreover, it is worth emphasizing that the logistic
model using network centralities alone as predictors has ex-
cellent performances in predicting future success for elements
belonging to the e-Commerce and e-Payments economic
categories.

Finally, our study paves the way for future investigations,
for example, about the existence of a relationship between
the investor types and the economic categories or between
the nationality of firms and their investors.&e determinants
of success for firms of different nationality, type, or category
are likely to be different. A preliminary analysis is reported
in this work by considering a few firm-level variables;
however, it would be of paramount importance to further
investigate this aspect and understand how different mix of
factors can be successful.

Data Availability

&e Crunchbase dataset is publicly available at https://www.
crunchbase.com/.
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Supplementary Materials

In the Supplementary Material attached to this article, we
first insert a graph reporting the funding and network
centralities’ distributions (indegree, outdegree, and be-
tweenness) for all the elements in the Crunchbase complex
network we build in the “Modeling the economic interplay”
section. Note that this graph is in semilogarithmic scale.
Moreover, we add a series of couple of graphs, from Figure
S2(a) to Figure S4(c), comparing the attributes’ frequencies
for funding outliers to those for the outliers of each network
centrality. In the end, from Figure S5(a) to Figure S6(d), we
report a sequence of graphs representing performances of
our logistic regression model (with network centralities only
as predictors) applied to each of the coarse economic cat-
egory, as explained in the “Forecasting success” section of
this paper. (Supplementary Materials)
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