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Startups form an information network that reflects their growth trajectories through information flow channels es-
tablished by shared investors. However, traditional static network metrics overlook temporal dynamics and rely on single
indicators to assess startups’ roles in predicting future success, failing to comprehensively capture topological variations
and structural diversity. To address these limitations, we construct a temporal information network using 14547 invest-
ment records from 1013 global blockchain startups between 2004 and 2020, sourced from Crunchbase. We propose two
dynamic methods to characterize the information flow: temporal random walk (sTRW) for modeling information flow tra-
jectories and temporal betweenness centrality (tTBET) for identifying key information hubs. These methods enhance walk
coverage while ensuring random stability, allowing for more effective identification of influential startups. By integrating
sTRW and tTBET, we develop a comprehensive metric to evaluate a startup’s influence within the network. In experi-
ments assessing startups’ potential for future success — where successful startups are defined as those that have undergone
M&A or IPO — incorporating this metric improves accuracy, recall, and F1 score by 0.035, 0.035, and 0.042, respec-
tively. Our findings indicate that information flow from key startups to others diminishes as the network distance increases.
Additionally, successful startups generally exhibit higher information inflows than outflows, suggesting that actively seek-
ing investment-related information contributes to startup growth. Our research provides valuable insights for formulating
startup development strategies and offers practical guidance for market regulators.

Keywords: startup, temporal networks, information flow, network analysis, startup success prediction
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1. Introduction

The blockchain field is gaining significant attention from
various industries, where blockchain innovation is led by
startups.[1,2] Compared to traditional large-scale enterprises,
startups exhibit characteristics such as smaller scale, flexibility
in strategic planning, swift decision-making, and streamlined
services.[3,4] These traits make them more adept at meeting
market demands and creating new employment opportunities,
thus playing a crucial role in the economic development of
various nations worldwide.[5–9]

As financing is one of the vital avenues for startups to
address funding shortages, investments play a pivotal role in
the growth of these startups.[10,11] The investment relationship
between investors and investee startups is widely described
in complexity science as an investment network.[12] Invest-
ment networks enable mutual economic benefits between in-
vestors and startups, from the perspectives of both the individ-
uals associated with startup ventures and the composition of
investor portfolios.[12,13] These networks also facilitate opti-
mized resource allocation and enhanced capital utilization ef-
ficiency among startups.[14–16] From the perspective of busi-

ness to business, startups as nodes in the network can be in-
terconnected by the way in which investors invested in differ-
ent companies at different times to transfer information, thus
constituting an information network between startups. Infor-
mation networks characterize the position,[17] density,[18] and
diffusion level of startup ventures within the network,[19] un-
covering valuable insights pertaining to startup value, location
selection, and sustainable development. However, the major-
ity of research on entrepreneurial information networks has
predominantly focused on static local network information,
with limited observation of dynamic information flow between
startups.[12,20,21] Temporal networks are a network modeling
approach that can be used to dynamically observe interactions
between startups in a complex network domain by consider-
ing information about the dynamic evolution of behavior be-
tween subjects.[22,23] In particular, node importance measures
that take into account temporal information can better identify
the evolutionary characteristics of key startups over time and
identify startups with potential for success in an evolving in-
formation network environment. In terms of node importance
methods, random walks and betweenness centrality provide
more accurate predictions for prioritizing connections to ac-
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cess points in network information dissemination.[24]

In order to be able to take into account the variability of
topological morphology and the diversity of topological pat-
terns in startup networks, we choose to integrate both random
walk and betweenness centrality approaches. Specifically, ran-
dom walk methods can identify the trajectories of information
flow from a global perspective, while betweenness centrality
methods can discover the intermediaries in information flow
from an individual startup’s perspective. These two methods
complement each other in considering startups that are sig-
nificantly important in information dissemination at both the
global and individual levels. However, the current tempo-
ral random walk approach neglects the role of initial nodes,
which can lead to the walking falling into a dead loop,[25,26]

and existing studies on temporal betweenness centrality tend
to overlook the influence of real factors on networks,[27] fail-
ing to capture the characteristics of network information flow.
Therefore, in order to better characterize the dynamic evolu-
tion of startup ventures in information networks, it is necessary
to improve temporal random walk and temporal betweenness
centrality from the perspectives of initial nodes and temporal
boundaries, thus enabling research on the important roles of
startup ventures in information flow.

The objective of this paper is to explore the growth tra-
jectory characteristics of startups through the lens of invest-
ment information flows and to examine the correlation be-
tween startup characteristics and success. Specifically, we ad-
dress two key questions: how to better characterize the dy-
namic growth of startups and what distinguishes the informa-
tion flow patterns of successful startups from those of other
firms. To this end, we construct an unweighted startup invest-
ment information network, where nodes represent startups and
edges indicate shared investors between them. First, we pro-
pose sTRW, a temporal random walk method that enhances
walk coverage by emphasizing the starting node. Next, we
introduce tTBET, which leverages temporal betweenness cen-
trality to ensure the fastest path to the next node throughout
the entire time cycle, thereby identifying key players within
startup industries. Finally, we develop a comprehensive index
that integrates both information flow trajectories and interme-
diary roles to quantify startups’ influence within the informa-
tion network. The key contributions of this paper are as fol-
lows: (i) We observe the overall distribution of information
flow among startups to understand the general situation of the
market. (ii) We identify the startups that play an important
role in information flow and analyze the reasons for the pop-
ularity and relevance of the key startups. (iii) We explore the
topological characteristics of successful startups and analyze
the correlation between other startups and successful startups
in terms of information flow. Understanding the characteris-
tics of the information flow of established startups can provide

new insights for policymakers and founders about the growth
of startups.

The remainder of this paper is organized as follows. Sec-
tion 2 presents the relevant literature. Section 3 showcases
the data sources, network modeling, sTRW, tTBET, and indi-
cators for evaluating startup success. Section 4 displays the
results of the analysis of startup networks, the identification of
key startups, and the analysis of successful startups. Section 5
provides the discussion and conclusion.

2. Literature review
Exploring various aspects of startups, such as industry

characteristics, geographic location, and skill levels, is ben-
eficial for identifying new entrepreneurial opportunities and
promoting socioeconomic development.[28] The influence of
entrepreneurs and stakeholders on startups’ networks should
not be overlooked,[29] thus it is important to explore from
the perspective of relevant stakeholders in the realm of star-
tups. Entrepreneurs play a significant role in both their learn-
ing activities and social networks, contributing to the new
venture performance of startups and their benefits in adap-
tive strategies.[30–32] Moreover, investors in startups also hold
crucial significance. Research suggests that investors act as
channels for knowledge flow, assuming intermediary roles by
forming a topological structure of knowledge sharing among
startups.[12]

In addition to examining the perspective of stakeholders
associated with startups, we can also analyze startups from the
standpoint of startups’ networks. Regarding firm performance,
an analysis of the heterogeneity, homogeneity, social network
theory, and resource-based view of startups’ networks sug-
gests that social networks serve as the primary avenue for star-
tups to acquire external resources, thereby facilitating an en-
hancement of the firms’ innovation performance.[33] In terms
of collaboration and competition among firms, the utilization
of actor networks, social networks, and inter-firm networks ex-
plores cooperation and overall competitiveness among firms
under different strategies, revealing key issues such as the
excessive dependence of startups on large-scale technology
corporations.[34,35] Moreover, startups play a critical role in
sustaining the development and success of new ventures by en-
gaging in collaborations with different participants at various
stages.[36] Although there are several perspectives to deeply
study the startups, they are always viewed as static physical
objects, whereas the startup is essentially growing dynami-
cally due to the existence of timeless information communi-
cation between the startup and the investment behavior of the
investors, all of which will have an impact on the next step
of the startup. In order to achieve a dynamic description of
startups, we subsequently utilize a temporal network.
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However, choosing which metrics to use to identify and
measure impactful startups is a challenging problem. A ran-
dom walk is a fundamental model for studying network dif-
fusion, which can be used to characterize network topology,
such as node centrality or the presence of communities.[37–39]

When the network transitions from a static to a dynamic tem-
poral state, the walking behavior is affected by the temporal
duration between events. The primary determinants of walk-
ing behavior are associated with two distinct drivers:[40] firstly,
centered around the node, which enables traversal of all adja-
cent edges of the current node in preparation for the next walk;
secondly, focused on the edge, where activation of edges sur-
rounding the node may occur at different times, thereby alter-
ing the trajectory of the walk. The ancillary impacts of walk-
ing are related to whether it is active or passive. An instance
of walking is deemed active if it reaches a node or edge, re-
sulting in the resetting of the waiting time of the node or edge,
irrespective of the heterogeneous distribution of the activation
probability of the node and the equable distribution of the ran-
dom walk throughout the network.[41] Conversely, a walk is
passive when it quietly follows the activation of a node or
edge. In this case, in a multilayer network, the waiting time
of edges varies across different layers, and the precedence re-
lationship among layers and edges dictates the course of the
walk.[42] Due to the coexistence of different time scales in the
temporal network, the random walk model can exhibit a rich
spectrum of possibilities.[40] However, these ignore the impor-
tance of initial nodes and only have access to diffusion paths
for information flow in the network.

Betweenness centrality is a measure of a node’s central-
ity property in a network. It is typically calculated by deter-
mining the percentage of a node that lies on the shortest path
between any pair of nodes in the network. This metric can
depict the influence of a node on the dissemination of infor-
mation in the network, and it provides a more accurate pre-
diction of the preferential connection of access points com-
pared to other centrality measures.[24,43] Betweenness central-
ity is widely used across various fields such as spatial propaga-
tion, supply chain management, and communication.[44,45] In
recent years, researchers have undertaken a deep exploration
of its characteristics and extensions.[46,47] In recent years, be-
tweenness centrality has received attention from research in
the field of investment. Certain researchers have argued that
betweenness centrality has a positive impact on creative team
success.[48] The aim of this study is to further explore the cor-
relation between important and successful startups in a group
of startups.

3. Data and methods
3.1. Data

This study retrieved information on investors and star-
tups in the blockchain sector from the Crunchbase database
(https://www.crunchbase.com/) for the period from 2004 to

2023. Crunchbase provides data on startup names, funding
rounds, team sizes, and other relevant details, serving as a data
source for research on industry connections, corporate online
activity, and investment behavior prediction.[49–52]

Emerging startups are more likely to attract investors spe-
cializing in the same sector. Therefore, this study focuses ex-
clusively on investors and startups within the blockchain do-
main, disregarding cross-sector investment activities. The se-
lected time span is used to assess the growth trajectories of
individual startups and the evolution of their interconnections.
Between 2004 and July 2020, the global economic landscape
witnessed several major events, such as the 2008 financial cri-
sis and the COVID-19 pandemic in 2019. These events are of
critical importance for understanding the growth dynamics of
startups.

To establish investment relationships between startups,
we constructed a startup–startup investment dataset based on
shared investors. This dataset retains key attributes such as
startup name, investor name, investment date, announcement
date, funding status, industry classification, and location. Star-
tups lacking investor information or without shared investors
were excluded. Additionally, duplicate startup investment
records were removed, resulting in a final dataset comprising
1013 startups and 14547 investment transactions. A simplified
entity-relationship diagram (ERD) of the table is presented in
Fig. 1.

Specifically, we obtain both startup and investor tables
from CrunchBase and construct the investor–startup table and
the startup–startup table. The startups table describes the in-
formation of 6004 startups with the blockchain field as the
industry keyword, and the specific information includes the
startup ID, headquarters location, founded date, industries, to-
tal funding amount in currency (in USD), acquisition status,
IPO status, and other related information. The investor table
contains 3730 investment data points with investment behav-
iors between 2004 and July 2020, and each investment data
point includes relevant information such as investor ID, an-
nounced date, startup ID, startup industries, money raised in
USD, and transaction name. We alphabetically sort the startup
names to generate unique IDs for each startup.

Since a certain investment may include multiple in-
vestors, we decompose the multiple investors in each data
point in the investors table into multiple investment data points
to form the one-to-one investment information between the in-
vestor and the startup, which is saved into the investor–startup
table, and each investor–startup data point includes the in-
vestor ID, startup ID, announced date, acquisition status, and
IPO status. According to the investor’s investment behavior
of different startups in the investor–startup table, we look for
different startups that have been invested by the same investor
and save them to the startup–startup table, and each startup–
startup data includes two startup IDs, the common investor ID,
and the investment time for the two startups.
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Startup-startup

PK Investor ID

FK1

FK2

Startup ID 1

Startup ID 2
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Acquisition status

IPO status
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Headquarters location
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Acquisition status
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Investors

PK

FK1 Startup ID
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Money raised currency (in USD)

Transaction name

Investor ID

Fig. 1. Simplified ERD diagram of Crunchbase data.

We further processed the investor and business informa-
tion form data from 2004 to July 2020 to form sample 1 data
for the subsequent establishment of the information network.
The data processing mainly includes the following parts: 1)
removes the startups that do not have common investors with
other startups; 2) the startups with acquisition status of made
acquisitions or was acquired, or IPO status of public in the
startups table are defined as successful startups; and 3) the time
of the first M&A or IPO of the successful startups is recorded
as the time of success. The sample 1 data processing includes
1013 startups in the blockchain field (of which 24 have been
successful) and 14547 startup information with common in-
vestors. We processed the startup information form data from
2020 through July 2023 to form sample 2 data, which only
serves as a true value for subsequent predictions of successful
startups. 1) screening the startups for successful startups; and
2) comparing the status of the startups in sample 1, retaining
only those that have changed their startup status from unsuc-
cessful to successful. The processed sample 2 includes infor-
mation on the 29 most recent successful startups. In this study,
all experiments used sample 1 data to ensure coverage of all
blockchain startups. Sample 2 data was only used as a test set
in the experiment predicting successful startups. We mark suc-
cessful startups in the dataset as 1 and unsuccessful startups as
0. The dataset is unbalanced in zeros and ones, corresponding
to the real-world situation where successful startups are only a
tiny minority.

3.2. The model of information networks for startups

For startups, shared investors can be considered a form
of information. The interaction of investment behavior among
startups constitutes a flow of information, while the timing of
investment behavior serves as a crucial reference point for the
growth and development of startups. We introduce complex
network methods to simulate the flow of investment informa-

tion among startups. Complex networks have been widely ap-
plied in various fields, such as the economy, where they re-
veal non-linear relationships between entities through multi-
ple nodes and edges.[12,53] This model can characterize both
the relationships between startup companies and the individual
evolutionary features of each company. We propose to con-
struct an undirected temporal network in which startup com-
panies serve as nodes, and edges are created between them if
they share common investors.

We construct a network G(V,E,T ), where V =

{v1,v2, . . . ,vn} represents the set of network nodes, with vn

representing different startups. E denotes the set of edges,
which can be represented using a matrix

E =

 e11 · · · e1n
...

. . .
...

em1 · · · emn

 . (1)

In this context, emn represents the set of edges that con-
nect the startup companies vm and vn through common in-
vestors. T = {t1, t2, . . . , tk} represents the set of timestamps
that record the first instance of common investment between
startups vm and vn by investors. The method used to construct
the network structure is illustrated in Fig. 2.

In Fig. 2, nodes A, B, C, and D represent four distinct star-
tups, while a, b, c, and d represent four different investors. The
time stamps are t1 < t2 < t3 < t4 < t5. In Fig. 2(a), three dif-
ferent colored lines represent the information of co-investors
among startups. For example, the purple line indicates that
both startups A and B have investment information from in-
vestor a at time t1, in which case a is the co-investor of startup
AB at time t1. There is a common investor between startups
A and B, beginning at time t1. There are a common investor
d between startups B and C at time t3, a common investor c
at time t4, and common investors a and b between startups C
and D at time t1. In Fig. 2(b), the horizontal axis represents
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time, while the vertical axis represents investors. The timeline
depicts the startups invested in by each investor during each
time period. For investor a, investing in both startups A and B
lasts from time t1 to t3, while investing in both startups C and
D lasts from time t1 to t2. In the time period from t1 to t5, the
connection between BC appears later, indicating that both star-
tups B and C have some advantages in attracting investment in
the later stages of investment. Conversely, the CD connection
only appears in the early stages, indicating that startups lack
investment appeal in the later stages, and this information can-
not be reflected in a static network.

↼a↪t1↽

↼a↪t1↽
↼b↪t1↽

↼d↪t3↽
↼c↪t4↽

t1 t2 t3 t4 t5

CB

DC

DC

CB

BA
a

b

c

d

(a) (b)

Fig. 2. Schematic representation of co-investor information among star-
tups in a temporal network.

3.3. Improved random walk method considering temporal
information

A random walk is a frequently employed technique in
complex networks to identify crucial network nodes by explor-
ing the propagation routes of information within the network,
thus unraveling the evolutionary mechanisms of the network.
In this study, random walk has unveiled pivotal startups in-
volved in both the reception and dissemination of information
within the information network.

We randomly select a node within the network as the
starting point for the random walk and proceed to search for
the next node among its neighbors. If the initial node is an iso-
lated node, from the perspective of the random walk, it may
result in a situation where the walk remains at the same node
indefinitely. However, from a topological standpoint, a key
startup involved in information propagation requires multiple
investors to disseminate the information. Consequently, key
startups tend to have a substantial number of investors, and the
likelihood of isolation is extremely low. Therefore, selecting
an isolated node as the initial point would lose its significance
in identifying key nodes. Thus, we redefine the starting point
until it has neighbors. We set the investment time of the initial
node as the initial time and mark it as such. We then search
for the neighbors of the current node within the entire time pe-
riod. Among the neighbors of the current node, we randomly
choose an unmarked node as the next node for the walk, and
we set the investment time of the next node as the current time.
The purpose of marking nodes is to maximize the coverage of
the walk and prevent it from getting stuck in a loop. We repeat
the above steps until the current node has no unmarked neigh-
bors or all the investment times of the neighboring nodes are
earlier than the current time.

To avoid the deviation caused by random walks and con-
duct multiple iterations of experiments, we express the tempo-
ral walk of nodes as

RWtemp(i) =
1
S ∑

j∈U
Tj, (2)

where j denotes the current iteration, U represents the total
number of iterations, T signifies the frequency at which nodes
are traversed within each iteration, and S denotes the predeter-
mined number of steps taken per walk. The necessity of tem-
poral random walks lies in their ability to reflect the changes
in investment markets over time and to conform to the evolu-
tionary patterns of investment networks. Through these walks,
turning points can be identified and analyzed for their central-
ity, as well as the frequency and count of investors. The inno-
vation of temporal random walks lies in their ability to not only
consider investment time but also reflect changes in investment
markets, as compared to static walks. Moreover, they prevent
walks from getting trapped in local subgraphs and being un-
able to escape. Additionally, the more neighbors a node has,
the greater the probability of a walk on that node.

3.4. Improved betweenness centrality method considering
temporal information

Betweenness centrality, which assesses the proportion of
node involvement in paths between other nodes within a net-
work, is one of the key measurement methods for characteriz-
ing important structural properties of networks. Starting from
the perspective of shortest paths, we compute the sum of the
ratio between the number of shortest paths passing through a
node u and the total number of shortest paths between any two
points as a measure of the node’s influence. In the context
of all possible shortest paths for information dissemination, a
higher number of shortest paths passing through a particular
node indicates that the node controls a greater flow of infor-
mation. Therefore, the node possesses higher importance and
influence within the entire network. The computation formula
is as follows:

BET(u) = ∑
i∈V

∑
j 6=i∈V

δi j(u)
δi j

, (3)

where V represents the set of nodes, δi j denotes the total num-
ber of shortest paths between nodes i and j, and δi j (u) signi-
fies the shortest path from node i to node j that passes through
node u.

The static betweenness centrality overlooks the network
changes caused by information flow over time. Therefore, it is
necessary to incorporate time into the static betweenness cen-
trality. This can be achieved by introducing a dependency on
time t and calculating scores for detecting paths that are ei-
ther the shortest or fastest in terms of time traversal through
vertices. There are two choices available: one emphasizes
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paths with the minimum number of contacts, while the other
focuses on traversing the fastest paths. Regarding time bound-
aries, two options exist: utilizing the entire observation period
or considering only the fastest time-related paths starting at
each vertex j closest to time t. Considering only the shortest
or fastest paths may deviate significantly from the actual net-
work dynamics since path durations are continuous and there
may exist paths that are only slightly slower. Therefore, this
paper considers paths that reach the next node in the fastest
time across the entire period. The following formula is pre-
sented:

disttemp
i j = min

t0
disttemp

i j , (4)

δ
temp
i j =∑

t0

disttemp
i j , (5)

BETtemp(u) = ∑
i∈V

∑
j 6=i∈V

δ
temp
i j (u)

δ
temp
i j

, (6)

where disttemp
i j represents the shortest path between nodes i and

j, regardless of any starting time. δ
temp
i j denotes the number of

shortest paths from node i to node j for all time periods. For
any two points i and j in the set V , the ratio of the number of
δ

temp
i j through point u to the total number of δ

temp
i j is the tTBET

value of node u, denoted BETtemp (u).

3.5. Startup success evaluation indicator considering tem-
poral information

The success of startups has always been a popular topic
of research, as it facilitates the exploration of developmental
and relational patterns among individual startups. We define
successful startups as those that have undergone mergers or
become publicly listed. By utilizing existing studies on sTRW
and tTBET, we examine the influence of successful startups on
information dissemination within networks. In order to quan-
tify the impact of successful startups in the network, we intro-
duce the betweenness centrality-random walk (BR) metric

Ave(i) =
1
V ∑

i∈V
BETtemp(i)+RWtemp(i), (7)

BR(i) =
BETtemp(i)+RWtemp(i)

Ave(i)
. (8)

The process can be mainly divided into two steps. Firstly,
the average values Ave(i) of tTBET BET(i) and sTRW RW(i)
values for all nodes are calculated. Secondly, the BR indicator
value is determined by utilizing the tTBET and sTRW results
of node i. The value of BR ranges from 0 to 10. If the startup’s
role in the flow of information is more important, the closer the
BR value of that startup is to 10, otherwise, the closer it is to 0.
The BR indicator value can be used to measure the influence
of the company in the entire network, with a higher BR value
indicating greater influence.

4. Results and analysis
4.1. Static network analysis of startups

By observing the overall distribution pattern of informa-
tion dissemination among startups in a static network, we
can understand the static individual characteristics of startups.
Figure 3 depicts the overall layout of the static network com-
posed of startups and measures the degree of distribution. In
Fig. 3(a), the nodes represent startups, the edges represent the
existence of common investors between companies, and the
nodes of different colors represent different modular classes.
The size of the node is related to the number of neighbors
it has, with larger nodes having more neighbors. Nodes of
the same color represent startups that share a large number of
common investors. Startups within the same community are
likely influenced by the same group of investors, forming a
tightly connected network structure. Obviously, nodes of the
same color are closer, indicating that investors are more in-
clined to invest in companies of the same class. Due to some
companies acting as bridges, a cluster of startups related to
them seems to have formed in the network, indicating the ex-
istence of associations between startups from the same invest-
ment source.
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Fig. 3. (a) Static networks of startups and (b) degree distribution.

In Fig. 3(b), the number of neighbors of a node is referred
to as the degree of the node. The distribution of node degrees
reveals that the majority of nodes have a maximum of 1–10
neighbors, indicating that most startups acquire investments
from diverse sources rather than relying on a single investor.
The majority of investors tend to focus exclusively on spe-
cific domains rather than employing a broad investment strat-
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egy. Nonetheless, the average degree of the network stands at
18.521, primarily due to a small fraction of startups receiving
substantial attention from numerous investors.

4.2. Key startups identification
4.2.1. key startups identified by sTRW

Regarding the static network of startups, in order to bal-
ance the walking coverage and accurately identify crucial
nodes, we compared three scenarios: short-range, mid-range,
and long-range walks. We conducted experiments with step
values of 10, 500, and 1000 in order to avoid the interference
caused by the instability of randomness and the varying com-
putational complexity of the experiments. To mitigate experi-
mental contingencies, each experiment was repeated multiple
times. Through three sets of experiments, we ensured an equal
number of nodes were traversed each time to ensure the iden-
tification of key nodes in the static network through random
walks. The frequencies of occurrence for startups during the
three sets of experiments were summed and sorted to obtain
the top 20 startups for each experiment. To facilitate a clear
and equitable comparison of startup importance, we normal-
ized the experiments by using the number of nodes traversed in
each experiment as the denominator and the actual occurrence
frequency of each node in each experiment as the numerator.
The rankings and proportions shown in Fig. 4 were obtained.
The horizontal axis represents the ID of the key startups, while
the vertical axis represents the proportion of steps taken by the
startup in the current walk. The three colors correspond to
experiments involving three different step lengths.

ID

Test 1

Test 2

Test 3

Fig. 4. Static random walk identified key startups proportion chart.

The key startup data trends in the three experiments are
similar, and the similarity of the experimental results indicates
the successful implementation of the functionality to identify
key startup nodes through static network random walks. How-
ever, the proportions of random walks for the three startups
(IDs correspond to 292, 334, and 775), which differ notice-
ably from the other experimental data in two instances. This
discrepancy is attributed to randomness, resulting in a situa-
tion where random walks are predominantly confined to these
three companies. Consequently, the coverage of the walks is

reduced, leading to significant data bias. Hence, excessive ran-
domness causes inevitable deviations in the results of static
random walks.

Startups can only observe the final results of network evo-
lution in static networks, lacking dynamic observations of the
growth process. Hence, we analyze companies in the context
of investment information flow using a temporal network. In
the case of startups’ temporal networks, starting from each
node, we record the number of steps taken in random walks
as initial nodes. The statistics reveal an average walk length
of 2.55 steps, with the longest walk reaching 7 steps. Among
these, walks consisting of 2 steps account for a frequency of
45.62%, while walks consisting of 3 steps account for a fre-
quency of 22.44%. These two step lengths cover more than
60% of the frequencies. The significant difference between
temporal random walk steps and those of static networks can
be attributed to two main factors. First, in static network ex-
periments, nodes may be visited multiple times to achieve
higher coverage. In contrast, temporal networks visit nodes
in chronological order without repetition. Secondly, upon ana-
lyzing the data on startups’ investments as depicted in Fig. 5, it
is observed that the red bar represents startups receiving mul-
tiple investments simultaneously, the blue bar indicates that
the maximum time interval between startups receiving mul-
tiple investments is less than 4 years, and the green bar signi-
fies that the maximum time interval between startups receiving
multiple investments exceeds 4 years. The vertical coordinates
denote the proportion of startups falling into each category. It
is evident from this analysis that there is a time delay between
investing in startups. This manifests in the network as a large
time span between pairwise connected nodes, leading to fewer
walk steps between nodes within a certain period.
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Fig. 5. Time interval of investment.

The coverage rate of random walks reflects, to some ex-
tent, whether the walks consider global nodes. A low coverage
rate indicates that some crucial nodes may be overlooked. To
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increase coverage, we employ a neighbor-marking approach,
where already visited nodes are not reselected for the next
node. Although this method enhances coverage to a certain
extent, it interferes with randomness. To find the optimal node
coverage while preserving randomness, we vary the number of
iterations, thereby avoiding bias in subsequent experiments.
Considering the temporal aspect of the network, we set the
number of walk steps. To ensure the accuracy of identifying
important nodes through the walks, we conduct iterative exper-
iments. To ensure fairness in the walks, we take into account
the coverage rate, represented by the formula cov = 1

I ∑ i,
where i represents the walked nodes and I represents the to-
tal number of nodes.

Fig. 6. Relevance of different steps of sTRW identification for startups.

In order to ensure the highest coverage rate, a compar-
ative experiment was conducted on two scenarios involving
random walk steps of 2 and 3. Since the frequencies of startup
appearances may not be exactly the same, they were summed

and subjected to correlation analysis in both experiments. The
correlation among the top 20 key startups in the two experi-
ments is illustrated in Fig. 6, with the x and y axes represent-
ing the number of times key startups were visited in random
walks with steps 2 and 3, respectively. The trend line in Fig. 6
is close to the diagonal line, and the correlation coefficient (R-
value) was determined to be 0.8, indicating that although the
number of steps differed, the key startups obtained through the
two walks showed minimal differences and exhibited similar
overall trends, thereby confirming the stability of sTRW.

4.2.2. Key startups identified by tTBET

Although the distribution of key startups in static and tem-
poral random walks appears similar, it is difficult to ascertain
whether this similarity persists in other indicators. Therefore,
we consider analyzing key startups using betweenness cen-
trality. The key startups identified through the betweenness
centrality of the static network are presented in Table 1. It
is evident that the majority of these startups have their head-
quarters established in the United States, and their core opera-
tions are closely associated with the information industry. Fur-
thermore, their establishment dates predominantly fall within
the period from 2012 to 2014. One possible reason for this
trend could be the thriving growth of the US information in-
dustry around 2012, which attracted widespread investor at-
tention. Establishing headquarters in the United States would
have been more appealing for these industry-related startups.
Another reason is that startups concentrated in the same region
facilitate the exchange of information and communication, as
well as staying updated on the latest developments in the in-
dustry.

Table 1. Static betweenness centrality identified key startup information.

ID Headquarters location Founded date Industry groups
829 San Mateo, California, United States 2013/9/1 Information Technology, Internet Services, Messaging

and Telecommunications, Privacy and Security, Software
550 Reno, Nevada, United States 2012/4/1 Financial Services, Hardware, Internet Services, Pay-

ments, Software
646 San Francisco, California, United States 2014/4/26 Financial Services, Payments, Software
736 Palo Alto, California, United States 2010/1/1 Data and Analytics, Software
660 Lexington, Kentucky, United States 2014/4/1 Financial Services, Payments, Software

1377 Milan, Lombardia, Italy 2018/1/1 Apps, Mobile, Software, Sustainability, Transportation
95 Reykjavk, Gullbringusysla, Iceland 2012/1/1 Financial Services, Information Technology, Payments,

Privacy and Security, Professional Services
329 San Francisco, California, United States 2012/6/1 Commerce and Shopping, Financial Services, Payments,

Software
1085 San Francisco, California, United States 2012/1/1 Financial Services, Internet Services, Payments, Software
308 Boston, Massachusetts, United States 2013/1/1 Financial Services, Lending and Investments, Payments,

Software

Similar to random walks, tTBET also allows for the dynamic observation of information flow among startups. The key
startups identified through tTBET are presented in Table 2. Apart from Ripple Inc., none of the other startups are listed in
Table 1, indicating a significant disparity between centrality in the static and temporal networks, unlike random walks. Firstly,
although the headquarters are still predominantly located in the United States, the majority of startups in Table 1 were established
prior to 2014. In contrast, the establishment dates of key startups in Table 2 exhibit a more evenly distributed pattern, indicating
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that the key startups in the network change over time with the flow of information. Secondly, the industries represented in Table 2
are more concentrated, with a strong focus on financial services, software, and payment systems as their core operations. This
suggests that these types of businesses possess high information flow dynamics and attract significant investor attention.

Table 2. The tTBET identified key startup information.

ID Headquarters location Founded date Industry groups

1423 Denver, Colorado, United States 2015/1/1 Financial Services, Payments, Privacy and
Security, Software

1244 Sunnyvale, California, United States 2017/1/1 Blockchain, Cryptocurrency, Software
1116 Los Angeles, California, United States 2014/1/1 Financial Services, Lending and Invest-

ments, Payments, Software
1085 San Francisco, California, United States 2012/1/1 Financial Services, Internet Services, Pay-

ments, Software
1210 Chicago, Illinois, United States 2018/1/1 Financial Services, Payments, Software
1437 Singapore, Central Region, Singapore 2016/1/1 Financial Services
1306 San Francisco, California, United States 2017/1/1 Commerce and Shopping, Financial Ser-

vices, Payments, Software
1352 Gibraltar, Gibraltar, Gibraltar 2018/1/1 Financial Services, Lending and Investments
1107 San Francisco, California, United States 2017/1/1 Financial Services, Information Technology,

Payments, Software
1119 Denver, Colorado, United States 2014/7/1 Financial Services, Lending and Invest-

ments, Payments, Software

Upon comparing Tables 1 and 2, it is evident that the ma-
jority of key startups are geographically located in the United
States (80%). This trend aligns with the implementation of
various US policies in the blockchain space, encompassing le-
gal regulations, public services, procurement, and education
aimed at fostering the growth of blockchain technology within
the industry.[54,55] Additionally, we compare the distribution
of the centrality values of the key startups identified under the
two methods of betweenness centrality for static networks and
tTBET for temporal networks. In Fig. 7, horizontal coordi-
nates represent the top 100 startups in both methods, and ver-
tical coordinates represent the centrality values, where blue
triangles represent the tTBET method and red circles repre-
sent the betweenness centrality method. We find that, among
the two methods, tTBET can highlight the information transit
effect of key startups more. Figure 8 illustrates the distribution
differences of key startups identified by two methods in terms
of their founding time and industry groups. Specifically, fig-

ure 8(a) shows the key startups identified by the betweenness
centrality method, while figure 8(b) displays those identified
by the tTBET method. The results indicate that the key star-
tups identified by the tTBET method exhibit a more dispersed
distribution over time, enabling it to more effectively capture
the dynamic characteristics of information flow among star-
tups. Consequently, tTBET provides a more accurate reflec-
tion of the evolutionary process of the information network.
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4.2.3. Comparing tTBET and sTRW identified star-
tups

We use the classical learning algorithm random forest
(RF) in the Python machine learning package Scikitlearn to
predict the probability of success of startups in two network
models, static and temporal networks, in order to test the per-
formance of the two methods sTRW and tTBET in these net-
works. Random forest was used in many previous works on
Crunchbase data to predict business success.[51] The random
forest algorithm is fast to train and has high accuracy. Each
decision tree in the algorithm finds the best feature among
the randomly selected features, maximizing the gain obtained
from the model.

In this experiment, the number of trees is 10, and the max-
imum eigenvalue is automatic for the best results. The sample
set was divided into a 90% training set and a 10% test set.
The random walks and betweenness centrality values of the
startups are used as eigenvalues, and the success of the target
variable startups is defined as two possible values: 1 (success-

ful) or 0 (unsuccessful), which reduces the problem of pre-
dicting success to a binary classification, which is solved by
supervised learning. In supervised learning, the dataset is par-
titioned into a subset of features (matrix X) and target vari-
ables (vector y). During the training process, the model tries
to predict the value of y when given a set of features X . The
predicted value is compared with the true value y.

Through Table 3, we can see that the startup states can be
identified more accurately under the temporal network using
the sTRW and tTBET methods. Although the static network
has a higher success rate of identifying successful startups us-
ing random walk and betweenness centrality, the success rate
of identifying unsuccessful startups is lower than that of the
temporal network. When the static network utilizes the sTRW
and tTBET methods to improve the recognition success rate
for unsuccessful startups, it directly leads to a correct recog-
nition rate of 0 for all successful startups. For the temporal
network, the sTRW and tTBET methods outperform the unim-
proved method in all aspects.

Table 3. RF classification results for static and temporal models.

Model Methods
Train set Test set

Precision Recall F1
Success startups Unsuccess startups

accuracy accuracy accuracy percentage accuracy percentage
Static RW & BC 0.980 0.403 0.781 0.403 0.505 40% 59.26%
Static sTRW & tTBET 0.983 0.639 0.857 0.639 0.709 0% 100%

Temporal RW & BC 0.987 0.915 0.837 0.915 0.874 33.33% 66.67%
Temporal sTRW & tTBET 0.992 0.926 0.831 0.926 0.890 41.67% 66.67%

(a)

(b)

Fig. 9. The (a) sTRW and (b) tTBET identified key startups.

We compare the startups identified using the methods of
sTRW and tTBET to determine whether the recognized star-
tups can serve as key players in the transmission of informa-
tion within the network. Figure 9 displays the names of the key
startups identified by both methods, along with their primary
business activities.

We have observed that key startups in the field of
blockchain, identified through either random walks or be-
tweenness centrality in the information network, primarily en-
gage in three categories of business: financial services, pay-
ments, and software. These three types of businesses have gar-
nered widespread attention and appeal from investors, result-
ing in a significant influx of information. Furthermore, these
business domains lack substantial industry barriers, allowing
investors to diversify their reliance and leading to a certain
level of information outflow. In the context of information
circulation, these startups play a pivotal role in network inter-
actions.

4.3. Correlations of network roles measured by random
walk and betweenness centrality

There are distinctions among the key startups identified
through different methods in the information network. It re-
mains unclear whether these distinctions stem from the time-
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liness of the network or the varying merits of the node impor-
tance methods. Therefore, we conduct a comparative analysis
of the results obtained from random walks and betweenness
centrality in both static and temporal networks. In Fig. 10,
A represents the key startups identified through betweenness
centrality in the static network, B represents the key startups
identified through tTBET, C represents the key startups iden-
tified through random walks in the static network, and D rep-
resents the key startups identified through sTRW. “Both” indi-
cates that the startup ranks within the top 20 in both scenarios,
while “none” suggests that the startup does not rank within the

top 20 in either scenario.
Figure 10(a) illustrates a remarkably high correlation be-

tween temporal networks and static networks in the context of
random walks. The nodes are relatively concentrated around
the regression line. Notably, six key nodes are present in both
the temporal and static networks, and these nodes possess ele-
vated weights within the network. The high weights associated
with these nodes signify the greater significance of these star-
tups within the information network, indicating their pivotal
role in information circulation, both during the growth process
and in the final state.
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Fig. 10. Relevance of key startups.

Figure 10(b) reveals that there is not a pronounced cor-
relation between temporal networks and static networks in
terms of betweenness centrality. Although the betweenness
centrality values in the temporal network are generally lower
than those in the static network, nodes that perform well in
both networks exhibit minimal differences in their between-
ness centrality values. This suggests that, in the process of in-
formation dissemination, most startups have fewer actual con-
nections with other entities compared to an ideal state. Only
a small number of startups serve as primary hubs for trans-
mitting information. These pivotal information hubs maintain
their critical role in the information network, regardless of the
stage of information flow or the final state.

A high level of betweenness centrality indicates that the
startups attract multiple investors over the entire observed time
period and play a significant bridging role. A high frequency
of random walks signifies that the startup is connected to mul-
tiple other entities, demonstrating its essential role in con-
nectivity. In Fig. 10(c), it can be observed that in the static
network, both betweenness centrality and random walks ex-
hibit relatively uniform distributions around the regression
line. Therefore, in a static network, the differences between
these two methods cannot be adequately reflected, and a spe-

cific analysis of the characteristics of startup information flow
is not feasible.

From Fig. 10(d), it can be observed that, for the tempo-
ral network, only one node is identified as a critical node un-
der both random walk and betweenness centrality measures.
This node exhibits similar performance to other highly cen-
tral nodes (represented by purple in Fig. 10(d)) in terms of
betweenness centrality but performs worse than other highly
random walk nodes (represented by blue in Fig. 10(d)). These
findings suggest that although there are fewer direct associa-
tions between startups and key startups in the information flow
process, there is still very close information exchange between
them. The farther the startup is associated with the key startup
network, the less information it receives.

4.4. Dynamic topological characterization of successful
startups in information networks

The dominant position of key startups in the information
flow enables them to acquire more informational resources.
Most startups strive for further development through mergers
and acquisitions or by going public. Therefore, it is worth
investigating whether acting as an information hub to obtain
more informational resources contributes to the success of
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startups.

(a)

(b)

Fig. 11. Percentage of successful startups identified by (a) sTRW and
(b) tTBET.

Figure 11 illustrates the proportions of successful startups
identified by different networks using two methods: random
walk and betweenness centrality. Since isolated companies
do not engage in information flow with other startups, we do
not consider isolated successful startups. In Fig. 11(a), the 24
non-isolated successful startups are sequentially arranged on

the x-axis, while the y-axis represents the proportions of ran-
dom walks in the static and temporal networks. The red arrow
indicates a higher proportion of temporal networks in random
walks, whereas the green arrow represents the opposite. The
numerical value of the arrow indicates the difference in pro-
portions between the two networks. Some startups have a tem-
poral network proportion of 100%, indicating that the static
network fails to recognize the significance of these successful
startups. This suggests that the temporal network is better at
capturing successful startups compared to the static network.
Figure 11(b) shares the same x-axis as Fig. 11(a), while the
y-axis represents the proportions of betweenness centrality in
the static and temporal networks. The red arrow indicates a
higher proportion of temporal network in betweenness cen-
trality, while the green arrow represents the opposite. The nu-
merical value of the arrow indicates the difference in propor-
tions between the two networks. For each successful startup,
the temporal network shows a significantly higher proportion
of tTBET compared to the static network. This indicates that
the temporal network is more sensitive and precise in captur-
ing successful startups. Some of the startups fail to recognize
the importance of betweenness centrality in the static network,
suggesting that the probability of capturing successful startups
through tTBET is higher and covers a broader range.

We use sample 2 as the test set. Excluding the startups
in sample 2, all the remaining startups in sample 1 are used as
the training set. The success of the target variable startup is
defined as two possible values: 1 (successful) or 0 (unsuccess-
ful). Using the RF method, which performs better in Table 3,
the sTRW value,tTBET value, and BR value of the startups are
used as the eigenvalues, and the comparison is made to verify
whether the BR value can be used as one of the features to
judge the future success of the startups.

Table 4. RF method for predicting successful startups under different eigenvalues.

(sTRW, Kim[56]) (tTBET, Kim[56]) (sTRW, tTBET) (sTRW, tTBET, BR)
Train set accuracy 0.978 0.975 0.983 0.983
Test set accuracy 0.292 0.278 0.286 0.321

Precision 1.0 1.0 1.0 1.0
Recall 0.281 0.275 0.286 0.321

F1 0.385 0.401 0.444 0.486

In Table 4, precision denotes the probability of correctly

predicting a positive sample. We compared the existing tem-

poral method[56] and found that, since the test set consists en-

tirely of positive samples (successful startups), the precision is

1, indicating that the model achieves perfect accuracy in pre-

dicting positive cases within this set. However, this does not

necessarily mean the model has strong discriminative ability in

distinguishing between successful and unsuccessful startups.

Therefore, accuracy and F1 score provide a more comprehen-

sive evaluation of the model’s overall performance. When the

BR value is incorporated as a feature, the accuracy improves

to 0.321, an increase of 0.035, while the F1 score rises from

the original 0.444 to 0.486. This suggests that the BR value

can serve as a useful feature in studying the future success of

startups.

The importance of the role of successful startups in infor-

mation flow is unknown. Since the BR value integrates sTRW

and tTBET, the higher BR value represents the more impor-
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tant role of startups in information flow, so we analyze the
role of successful startups in information flow by calculating
the BR value of successful startups and other startups in the
temporal network. We found that the BR average value for
successful startups was 1.315, while the BR average value for
non-successful startups was 0.989. This indicates that success-
ful startups have a more abundant flow of information com-
pared to other startups, obtaining more resources through the
exchange of information. However, the BR value for success-
ful startups was lower than that of key startups, which suggests
that a large amount of information flow for startups does not
necessarily bring good resources. Although incoming infor-
mation represents investors’ favor, when information is output,
it also means investors’ loss or instability. These losses or in-
stability may prevent the accumulation of capital for startups
to achieve mergers or listing conditions. Therefore, startups
need both the flow of information to obtain resources from in-
vestors and the improvement of their own industry skills to
control the outflow of investors.

5. Discussion and conclusion
This study explores the characteristics of information

flow between key startups and successful startups through dy-
namic observations of the information network. Our focus is
on addressing the following key issues: 1) Examining the over-
all distribution patterns and individual static features of infor-
mation flow in startups. 2) Identifying key startups within the
information flow network. 3) Analyzing the information flow
characteristics of key startups. 4) Comparing the relevance of
successful startups to key startups in the context of informa-
tion flow. To answer these questions, we analyze the temporal
startup network from 2004 to 2020, leveraging both the tT-
BET and sTRW methods to track the dynamic evolution of
startups, identify information flow hubs, and measure correla-
tions across different networks. Finally, we introduce the BR
index to evaluate the role of successful startups in information
flow. The main findings and discussions are as follows:

1) With the support of policies, startups in the blockchain
field have been developed rapidly with the medium of invest-
ment information.

Through policy enactment, countries led by the United
States have fostered the development and application of tech-
nology in the blockchain field. A collaborative relationship ex-
ists among startups within the same investment network, lead-
ing to the formation of clusters in the network via information
bridges. From the perspective of individual startups, most have
a small number of investors, while only a few startups attract
a large number of investors.

2) Startups that play a significant role as information hubs
tend to have similar core business operations.

Within the information flow network, key startups primar-
ily engage in three categories: financial services, payments,
and software. These three sectors not only attract extensive
attention from investors but also lack substantial industry bar-
riers. Investors do not rely exclusively on a single startup.
Therefore, due to the inflow and outflow of information, these
startups emerge as pivotal players in network interactions.

3) The flow of information between startups gradually di-
minishes.

We have observed that during the process of information
transmission among startups, although the number of sub-key
startups directly associated with key startups, which have a
significant amount of information input and dissemination, is
not substantial, the sub-key startups experience a higher vol-
ume of information flow. The amount of information among
other startups connected to sub-key startups is relatively re-
duced. Following this pattern, as the network distance from
key startups increases, the volume of information flow among
startups decreases.

4) Successful startups experience a greater inflow of in-
formation and a lesser outflow.

Our research demonstrates that a high volume of informa-
tion flow for startups does not necessarily guarantee favorable
resources for them. Incoming information represents investor
investments in the startups, generating profits for the startups.
However, when information is output, it signifies investors di-
verting their investments towards other startups. The poten-
tial loss or instability of these invested resources may impede
the accumulation of capital for the startups. Consequently,
startups require both information flow to access investor re-
sources and the enhancement of their industry-specific skills
to control the outflow of investors. We hope that this study
sparks the interest of other researchers to delve further into the
growth characteristics of startups in information flow and the
social influence of startups in the financial industry. Such ex-
ploration can provide valuable recommendations for political
decision-making regarding the establishment of market rules.

Our study has several limitations. First, the model’s per-
formance may be influenced by feature selection and weight
allocation settings, as different feature combinations can af-
fect its effectiveness. Future studies could explore adjusting
feature weights or incorporating additional dynamic features
to enhance the model’s accuracy. Second, while this study re-
veals a correlation between the structural features of startups in
the investment information network and their success, it does
not imply causality. Future research could further explore the
causal mechanisms between network structure and startup suc-
cess. Finally, this study primarily examines successful star-
tups, with limited analysis of failed ones. Future studies could
incorporate failed startups to compare the network structure
differences between successful and failed enterprises, offer-
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ing more comprehensive insights into the factors influencing
startup success.
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